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SUMMARY 
 
Every year, nearly 1.2 million persons are killed and 50 million are injured in road crashes 
around the world. Road crashes are anticipated to be among three top leading causes of 
deaths in the world by 2020. In Australia, almost 1,400 people are killed and 32,000 people 
are severely injured in road crashes annually. Of the different types of vehicles involved in 
crashes, heavy vehicles are a major traffic safety concern, due to their higher likelihood of 
involvement with fatal and severe injury accidents. 
 
In Australia, heavy vehicles contribute significantly to the nation's economy because they are 
the major means for transporting goods in the country. In addition, it is predicted that heavy 
vehicle traffic will increase by 50 per cent by 2030. Therefore, the increase in the number of 
heavy vehicles will add to safety concerns because the probability of vehicle crashes 
increases by five per cent when the heavy vehicle percentage is higher than 30 per cent of 
total traffic volume. On the other hand, although heavy vehicles comprise only a small 
percentage, roughly 3% of the total registered vehicles, this type of vehicle is involved in 
18% of total road fatalities. Therefore, the reduction in the number of crashes involving 
heavy vehicles has been proposed as one of the key performance indicators in the National 
Road Safety Strategy 2011-2020 for Australia. 
 
To reduce the trauma of heavy vehicle crashes, more research is needed to provide a better 
understanding of the factors influencing the frequency and severity of these crashes. The aim 
of this research is to identify the factors influencing heavy vehicle crashes and injury severity 
in Victoria, Australia. Therefore, in this research project, three studies were carried out to 
provide evidence-based recommendations to enhance the safety of heavy vehicles and save 
lives on Australian roads. In the first study, a crash severity model is developed to determine 
the variables influencing single-vehicle crashes involving heavy vehicles at intersections and 
mid-blocks. In the second study, a crash injury severity model is developed to determine the 
neighbourhood socioeconomic variables that influence injury severity in heavy vehicle 
collisions. Finally, in the third study, a crash injury severity model is developed to determine 
the causes contributing to injury severity in heavy vehicle angle collisions. 
In the first study, the objective was to identify the factors differentiating between single 
heavy vehicle collisions at intersections and mid-blocks using a binary logit model. The 
 vi 
 
results show that single-vehicle crashes involving heavy vehicles at intersections are more 
likely to occur on main roads and highways, whereas crashes at mid-blocks are more likely to 
occur on higher speed roads, divided two-way roads, roads with special facilities or features 
(e.g. bridges), and roads with higher percentages of heavy vehicle traffic. Intersection crashes 
are also more likely to involve vehicles that are turning left or right, resulting in angle 
crashes, whereas mid-block crashes are more likely to involve vehicle overturning. 
The primary objective of the second study was to identify the neighbourhood socioeconomic 
characteristics affecting injury severity in heavy vehicle collisions. Specifically, the study 
explores the influences of the socio-demographic characteristics of the neighbourhoods where 
road users live and where the crashes occur. This study uses a multinomial logit model. In 
addition to neighbourhood socioeconomic variables, such as education, English language 
proficiency, occupation, income, and birthplace, other variables affecting road user injury 
severity, including environmental, temporal, road user, road, and vehicle characteristics, are 
considered as control variables. The results show that road users residing in neighbourhoods 
with more people born in Australia have higher injury severity, while road users living in 
neighbourhoods with more people with a university education and working in the sales 
profession have lower injury severity. Furthermore, crashes occurring in neighbourhoods 
with more people working as professionals are more severe. The findings present mixed 
results for the variables including technical education, clerical jobs and people born overseas 
for the neighbourhoods where the road users live, and variables such as people born in 
Australia, sales jobs and English language use for neighbourhoods where the crashes occur. 
The socio-demographic characteristics of the neighbourhoods where the road user resides and 
where the crash occurs contribute significantly to the road user injury severity in collisions 
involving heavy vehicles. It is important to emphasise that these neighbourhood socio-
demographic characteristics should be used as a supplement to the information provided by 
the standard collision hotspot analysis. 
Finally, the main objective of the third study was to identify the factors contributing to injury 
severity in angle crashes involving heavy vehicles, in order to provide insights into improving 
traffic safety. The secondary objective was to compare the binary logic, skewed logistic 
(Scobit) and random parameters logit models in terms of their accuracy in identifying the 
factors contributing to injury severity in heavy-vehicle angle crashes. The findings indicate 
that the skewed logit model performs slightly better than the standard binary logit and mixed 
logit models in terms of the goodness of fit. The factors influencing injury severity in angle 
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crashes involving heavy vehicles include occupants' gender, age, restraint use, and whether 
occupants are ejected or not, vehicle age, type, movement, fire status, point-of-impact and 
damage, time-of-day, road classification, posted speed limit and number of occupants 
involved in the accident. 
The output of this research will provide evidence-based recommendations to improve the 
safety of all road users, including heavy vehicle drivers on Australian roads. This study will 
also contribute to advancing knowledge in the field and will provide road safety professionals 
with more information and knowledge on the advantages of using statistical models, 
especially the Scobit model, in traffic safety studies.  
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Chapter 1 Introduction 
 
1.1  Background 
 
Heavy vehicles contribute significantly to the Australian economy because they are the major 
means for transporting goods within the country. Activities involving heavy vehicles were 
projected to double from 2000 to 2020 as a result of transporting goods in Australia 
(Manders, 2006). In Australia, over 75% of the non-bulk domestic freight is carried on the 
roads, dominating freight between large cities, and it is predicted that truck traffic will 
increase by around 50% by 2030 (DIRE, 2014). On the other hand, BITRE (2014) indicated 
that road transport accounted 35 percent of total bulk freight, while rail and coastal shipping 
share 48 per cent and 17 per cent respectively in 2011-12. 
 
The average annual growth for Melbourne metropolitan area road freight was approximately 
five per cent for the period between 1971 and 2003, and it is estimated to grow from 10.3 
billion tonne-kilometres in 2003 to 16.9 billion tonne-kilometres in 2020. Therefore, the 
increase in road freight will increase the share of heavy vehicles in traffic, which will 
consequently increase the possibility of crashes involving heavy vehicles. The increasingly 
high share of truck traffic has generated some safety concerns, as the probability of a traffic 
collision is estimated to increase by 5% when the percentage of heavy vehicles is more than 
30% of the total traffic volume (Moridpour et al., 2015).  
 
Moreover, the likelihood of a severe outcome (fatality and serious injury) is much higher 
when a heavy vehicle is involved in a traffic collision. The larger size and mass of a heavy 
vehicle contribute significantly to the injury severity of small vehicle occupants in a multi-
vehicle collision (Smith, 2000). The number of fatal injuries among the smaller vehicle 
occupants is twice that of the heavy vehicle drivers in collisions involving a heavy vehicle 
and a smaller vehicle. Hence, traffic collisions involving a heavy vehicle are not only a safety 
concern for heavy vehicle operators, but for all road users.  
 
Despite the small proportion (approximately 3%) of registered heavy vehicles in the total 
traffic, fatalities from collisions involving these vehicles are 18% of the total road fatalities in 
Australia (ATC, 2011). Moreover, in the past three years, the number of fatal injuries 
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involving heavy rigid trucks increased by 8.5% each year between March 2012 and March 
2014 in Australia (BITRE, 2014). Hence, traffic collisions involving heavy vehicles are a 
significant safety concern for transport authorities and other organisations such as insurance 
companies and health and emergency services. 
 
Furthermore, Safe Work Australia (2012) indicates that the road freight transport sector 
experiences about 20.5 deaths per 100,000 workers, which is eleven times higher than the 
average of all industries. Single vehicle crashes resulted in the death of 338 truck drivers, 
which consisted of 69% of all truck driver fatalities between 2003-04 and 2010-11 in 
Australia. Therefore, traffic collisions involving heavy vehicles are a major workplace health 
and safety concern for the freight industry and a significant concern for many other industries 
that require this critical service in their supply chains.  
 
Therefore, the National Road Safety Strategy 2011-2020 of Australia has targeted the 
reduction in the number of crashes involving heavy vehicle as one of the key performance 
indicators (Austroads, 2013). Moreover, the transport sector has been designated as a priority 
area in the Science and Research Priorities by the Australian government (Science, 2017). 
Therefore, research to identify the factors contributing to heavy vehicle crashes is needed to 
provide evidence-based recommendations to improve the safety of heavy vehicles. 
 
1.2  Research Objectives 
 
The overall aim of this research is to identify the factors influencing heavy vehicle crashes 
and injury severity in Victoria, Australia. To achieve this aim, the following objectives have 
been established for this study: 
 
1. To develop a model to determine the differences in the variables influencing single-
vehicle crashes involving heavy vehicles at intersections and mid-blocks. 
 
2. To develop a crash injury severity model to predict the influence of neighbourhood 
socioeconomic variables on injury severity in heavy-vehicle collisions. 
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3. To develop a crash injury severity model to determine the factors contributing to injury 
severity in angle collisions involving heavy vehicles. 
 
1.3  Research Questions 
 
The overarching research question of this research is: what are the factors contributing to 
heavy-vehicle crashes in Victoria, Australia? To answer this question, three specific research 
questions are generated: 
 
1. Are there any differences in the factors contributing to single heavy-vehicle crashes at 
intersections and mid-blocks? 
 
2. What are the socioeconomic characteristics of neighbourhoods where road users live and 
where crashes occur have a significant influence on road-user injury severity in crashes 
involving heavy vehicles? 
 
3. What are the factors contributing to injury severity in angle collisions involving heavy 
vehicles? 
 
1.4  Scope of Thesis 
 
This thesis reports the results of three studies to achieve the objectives of the research and 
answer the research questions:  
 
Study one examines the differences in the factors contributing to crashes at intersections and 
mid-blocks. It applies fixed and random parameter logistic regression models to all police-
reported collisions in the Melbourne metropolitan area in Victoria, Australia. In addition to 
the data on collisions, road users, vehicles and environmental characteristics, information on 
traffic volume and road features (e.g. road division marking) were extracted from the 
Australian Urban Research Infrastructure Network Portal (AURIN) for the study. 
 
Study two examines the socioeconomic characteristics of neighbourhoods where the road 
users live and where the crashes occur, which may have a significant influence on road-user 
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injury severity in crashes involving heavy vehicles. The data used in the study include all 
police-reported collisions in Victoria, Australia, from 2006 to 2016, information on traffic 
volumes and road features from AURIN, and socioeconomic data at the postcode level from 
the Australian Bureau of Statistics. This study also is using multinomial logit model in 
explaining and predicting heavy-vehicle crash severity. 
 
Study three examines the factors contributing to injury severity in angle crashes involving 
heavy vehicles. The data used in the study include all police-reported collisions in Victoria, 
Australia, from 2006 to 2016 and information on traffic volumes and road features from 
AURIN. This study also compares the binary logit, skewed logistic (Scobit) and random 
parameters logit (with uniform and normal distributions) models. 
  
1.5   Research Contributions 
 
This research provides evidence-based recommendations to improve the safety of all road 
users in general and heavy vehicle drivers in particular on Australian roads. It is hoped that it 
will save lives and prevent injuries on Australian roads.   
 
This study contributes to advancing knowledge in the field for the following reasons: 
 To date no research has been conducted to understand the characteristics of single 
heavy-vehicle collisions at intersections and mid-blocks. 
 To date no study has investigated the effects of neighbourhood socioeconomic 
characteristics of both the crash location and road users' residence, on traffic crashes 
involving heavy vehicles.  
 No previous research has examined the factors contributing to angle crashes in collisions 
involving heavy vehicles. 
 This research compares several advanced methods to model crash severity, including 
binary logistics, skewed logistics and mixed logit models, to provide road safety 
professionals with more information on the relative strengths and weaknesses of these 
statistical models.  
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1.6  Thesis Outline 
 
The remainder of this thesis is organised as follows:         
 
Chapter 2 briefly introduces the models that have been applied to predict crash severity in the 
research literature and identifies the advantages and disadvantages of each crash severity 
model type. In addition, this chapter presents a summary of previous studies on the 
differences in the characteristics of crashes occurring at intersections and mid-blocks, and the 
influence of neighbourhood socioeconomic characteristics on crashes. Finally, the major 
limitations of the existing heavy vehicle crash studies are identified and presented. 
 
Chapter 3 report on the first study to identify the factors differentiating between single heavy-
vehicle crashes at intersections and mid-blocks in the Melbourne metropolitan area. This 
chapter is based on a research paper published in the Journal of Advanced Transportation 
(Balakrishnan, S., Moridpour, S., and Tay, R. 2016).  
 
Chapter 4 reports on the second study to identify the factors contributing to road-user injury 
severity in crashes involving heavy vehicles. In addition to identifying the factors 
contributing to heavy-vehicle crash severity, this study also provides some evidence-based 
recommendations to improve the safety of heavy vehicles.  
 
Chapter 5 reports the results of the third study to identify the factors contributing to 
occupants’ injury severity in crashes involving at least one heavy vehicle. Specifically, two-
vehicle collisions in angle crashes in the state of Victoria are analysed using four logistic 
regression models. The chapter compares the binary logistic, skewed logistic, and mixed logit 
(with uniform and normal distributions for the random parameters) models to check the 
robustness of the results and compares their relative performances when applied to data that 
are moderately skewed. 
 
Chapter 6 summarises the major results of this research and discusses future research 
directions.  
  
 6 
 
 
Chapter 2 Literature review 
 
2.1  Introduction  
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                             
Road collisions can be analysed using crash severity and crash frequency models (Chiou & 
Fu, 2013; Jung et al., 2014; Mooren et al., 2014). Both collision and crash have same 
meaning in the research. As for information, frequency of collisions is the number of crashes 
occur at particular sites or locations, while crash frequency models are the models were used 
to predict collisions which occur at a particular site. Crash frequency models predict 
collisions which occur at a particular site, while crash severity models predict drivers’ and 
passengers’ injury severity when involved in collisions. Crash injury severity has become 
important among road safety researchers, since it can examine the direct factors influencing 
the injury of occupants involved in crashes (Jung et al., 2010). Mathematical models are used 
in road safety studies owing to their capability in producing a solid statement for each 
parameter (Hughes et al., 2014). 
This chapter is divided into seven sections. In the next section, the existing crash severity 
models are summarised, while Section 2.3 summarises road collisions involving heavy 
vehicles. Next, Section 2.4 provides a literature review of the existing studies focusing on 
heavy vehicle crashes at intersections and mid-blocks, while Section 2.5 summarises studies 
on the impact of neighbourhood socioeconomic characteristics on crashes. Finally, Section 
2.6 provides the limitations of the existing studies and Section 2.7 summarises this chapter. 
2.2  Crash Severity Models 
 
Crash severity data have been used in various methods to analyse the injury severity level of 
each person (e.g. driver and passengers) or the most seriously injured person involved in 
crashes. Crash severity models are mainly categorized as folows: binary outcome models, 
ordered discrete outcome models, and unordered multinomial discrete outcome models 
(Savolainen et al., 2011).  
The two major types of crash severity models normally used for modelling provide either an 
ordered discrete outcome or an unordered multinomial discrete outcome. The ordered 
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discrete outcome of the dependent variable is categorized as ordinal from low injury to higher 
severity injury or non-injury to fatal injury. On the other hand, the unordered multinomial 
discrete outcome does not consider ordinal severity injury datasets.  
Generally, the injury severity of crashes is categorised as fatal, incapacitating injury, non-
incapacitating injury, possible injury, and property damage only. In general, a sample size 
smaller than 1000 should not be used for crash severity model development, and sample sizes 
should be larger than 1000 for the ordered logit model and 2000 for the multinomial logit 
model (Ye & Lord 2014).  
A list of crash severity models which focus on heavy vehicle and non-heavy vehicle crashes 
is shown in Table 2.1. 
Table 2.1 Summary of existing crash severity models focusing on heavy-vehicle crashes 
Crash Severity Models 
*Models applied in studies focusing on  
heavy vehicle crashes 
**Models applied in studies focusing on non-
heavy vehicle crashes 
Ordered logit and ordered probit  Binary  logit and probit models 
Nested logit  Bayesian hierarchical binary logit 
Simultaneous logit model Bivariate and multivariate binary outcome  
Multinomial logit Copula-based multivariate ordered probit  
Heteroskedastisc ordered probit and logit  Bivariate ordered probit model 
Mixed logit  Generalized ordered logit   
Partial proportional odds  Bayesian ordered probit, mixed generalized 
ordered logit and mixed ordered logit 
Classification and regression tree  Markov switching multinomial logit 
 Sequential logit and probit outcome  
 Artificial neural network 
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*    Models applied in studies focusing on heavy vehicle crashes 
** Models applied in studies focusing on non-heavy vehicle crashes 
  
2.2.1 Crash severity models focusing on heavy vehicle crashes  
 
2.2.1.1 Ordered logit and ordered probit models 
Duncan et al. (1998) developed an ordered probit model to investigate the injury severity of 
passenger vehicle occupants in rear-end collisions. This model is an appropriate model for 
analysing categorical injury data which are in order, either from low injury to higher severity 
injury or non-injury to fatal injury. The developed model has a linear function as below: 
𝑦∗ = 𝛽′𝑥 +  𝜀                (2.1) 
where, 
𝑦∗ is assuming the injury severity (dependent variable), 
𝛽′ is the vector of estimated parameters,  
𝑥  is the vector of the explanatory variables, and 𝜀 is an error term. 
The observed ordinal injury outcome, 𝑦∗, for each observed crash is defined as: 
𝑦 =  
{
 
 
 
 
1     if     𝑧 ≤ 𝜇0
 2     if      𝑧 ≤ 𝜇_1
 3     if      𝑧 ≤ 𝜇_2
   n     if      𝑧 ≤ 𝜇𝑛−1
                                  
          (2.2) 
where, 𝜇 is estimable threshold parameter between categorical responses 𝑦∗.  
The 𝜇 is a parameter that is estimated jointly with the model parameter 𝛽′. Therefore, the 
model outcome probabilities are as below: 
𝑃(𝑦 = 𝑛) = ∅(𝜇𝑛 − 𝛽
′𝑥) − (𝜇𝑛−1 − 𝛽
′𝑥)           (2.3) 
where, 𝜇𝑛 and 𝜇𝑛−1 are the upper and lower bound of injury severity n. 
The disadvantage of this model is that it may produce biassed estimation results for under-
reported crash data (Yamamoto et al., 2008; Ye, 2011). The other drawback of this model is 
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that it is difficult to interpret how the independent variables influence the likelihood of the 
outcome (Savolainen et al., 2011). A further weakness of this model is that it neglects the 
effect of injury severity level with a small percentage of observations (Li et al., 2012). 
2.2.1.2  Nested logit models 
Nested logit models have been used in crash severity analysis since they can overcome the 
independency of irrelevant alternatives, which is an assumption in the multinomial models. In 
nested logit models, injury severity is partially nested with some unobserved factors, which 
have correlations with specific severity outcomes within the same nest (Ye, 2011). 
Many researchers have applied nested logit models to analyse crash injury severity in road 
collisions (Chang and Mannering, 1999; Haleem and Abdel-Aty, 2010; Hu and Donnell, 
2010). For road collisions involving heavy vehicles, Chang and Mannering (1999) developed 
a nested logit model to investigate the relationship between severity of injury and vehicle 
occupancy.  
2.2.1.2  Simultaneous logit model 
Ouyang et al. (2002), used a simultaneous logit model to investigate the main factors 
contributing to crash injury severity in two-vehicle collisions. This model was developed to 
address the limitations of the probit and logit models, which allow analysis of one dependent 
variable only. 
2.2.1.3  Multinomial Logit  
Previous researchers in road safety have widely applied injury severity to model the 
dependent ordered variables with more than two outcomes. However, in multinomial logit 
models, ordered injury severity has no impact on model development. In road crashes, the 
dependent variable of road-user injury severity is generally classified as fatal, incapacitating 
injury, non-incapacitating injury, possible injury, and property damage only. Khorashadi et 
al. (2005) developed a multinomial logit model to investigate the severity injury of drivers in 
collisions involving heavy vehicles. In the development of a multinomial logit model, the 
probability of a crash ending in a specific injury severity level is considered. Let 𝑃𝑛(𝑖) be the 
probability of collision n ending in injury severity category i, then 
 
𝑃𝑛(𝑖) = 𝑃(𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛 ≥ 𝛽𝑗𝑋𝑗𝑛𝜀𝑗𝑛) ∀𝑗 ≠ 𝑖      (2.4) 
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where, 
𝑋𝑖𝑛 is a vector of measurable characteristics, 
  𝛽𝑖 is a vector of coefficients to be estimated.  
  𝜀𝑖𝑛 is an error term accounting for unobserved effects influencing the injury severity. 
 
If the error terms are assumed to be type 1 extreme value distribution (McFadden, 1981), 
then: 
 
𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑋𝑖𝑛)
∑ exp𝑗 (𝛽𝑗𝑋𝑗𝑛)
       (2.5) 
𝑥𝑖𝑛 is a vector of measurable characteristics that determine outcome i,  
𝛽𝑖 is a vector of estimable parameters. 
 
The model is more likely to violate the independence of irrelevant alternatives since the 
correlation of unobserved effects with one injury severity level may be similar to another 
injury severity level (Savolainen et al., 2011). 
2.2.1.4  Heteroskedastic ordered probit and ordered logit models 
This model was developed to address the heteroskedasticity in crash severity data which may 
produce biassed estimation results (Savolainen, 2011). Lemp et al. (2011), developed 
heteroskedastistic ordered probit models to examine the effect of environmental, driver and 
vehicle characteristics on severity of injury in collisions. Their findings show that this model 
significantly out-performs ordered probit models because it relaxes the assumptions of 
constant variation. On the other hand, Lee and Li (2014) developed a heteroscedastic ordered 
logit model which focuses on identifying the variables influencing drivers’ injury severity in 
crashes.  
2.2.1.5  Mixed logit (Random parameter logit) models  
Random parameter logit or mixed logit models have been applied to allow the possibility that 
the parameters may vary across observations (Washington et al., 2010). Some researchers 
have chosen to use the random coefficient logit model to allow for heterogeneous effects and 
correlations in unobserved factors, to address the limitations of multinomial logit models 
(Milton et al., 2008; Anastasopoulos & Mannering, 2011; Tay, 2015). Islam and Hernandez 
(2013) developed a model to identify the variables associated with injury severity in crashes 
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involving heavy vehicles. Milton et al. (2008) developed a mixed logit model with severity 
function, Y, which determines the severity injury outcome i for observation n . See Equation 
2.6. 
 
𝑌𝑖𝑛
∗ = 𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛            (2.6) 
 
where, 
𝑌𝑖𝑛
∗   = is a linear function for determining the injury severity category i to occupants n, 
𝛽𝑖   = a vector of estimated coefficients, 
𝑋𝑖𝑛= a vector of explanatory variables, 
𝜀𝑖𝑛 = is an error term. 
 
Then, if 𝜀𝑖𝑛 is assumed to be an extreme value distribution, the standard multinomial logit 
model will be as Equation 2.5. In order to allow parameter (𝛽𝑖) to vary across observations, a 
mixing distribution is introduced in the random parameter logit model (Train, 2003) and the 
resulting injury severity probabilities are given as:  
  
𝑃𝑖𝑛 = ∫
𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]
∑ 𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]𝐼
𝑓(𝛽𝑖|𝜑)𝑑𝛽𝑖                      (2.7) 
 
where, 𝑓(𝛽𝑖|𝜑) is the density function of β, and 𝜑 refers to a vector of parameters of the 
density function (mean and variance) and other terms are as previously defined. The mixed 
logit model is as defined in Equation 2.7. In the mixed logit model estimation, β accounts for 
the effect of observation-specific variations of 𝑋 on injury severity probabilities, with the 
density functions 𝑓(𝛽𝑖|𝜑) used to determine β.  
 
The random parameter model uses a weighted average for different values of β across 
observations, where some elements of the parameter vector β may be fixed and some are 
randomly distributed. If any parameter is found to be random, then the mixed logit weight is 
determined by the density function. For the functional form of the density function, numerous 
distributions have been considered, including normal, uniform and lognormal. Mixed logit 
models are usually estimated using the simulation of maximum likelihood with Halton draws 
(Train 1999; Bhat 2003). 
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2.2.1.6 Partial proportional odds model 
In another study, Qin et al. (2013) developed a partial proportional odds (PPO) model to 
examine the factors contributing to crash injury severity in crashes involving a heavy vehicle. 
According to their findings, the PPO model is slightly better than the multinomial model and 
mixed logit model in terms of the goodness of fit. The ordered logit model estimates the same 
coefficient for each level of the response group and this restriction is known as the 
proportional odds assumption. The PPO model overcomes the limitation of the ordered logit 
model by allowing the coefficient to vary across the outcome levels if the proportional odds 
assumption is violated.  
2.2.1.7 Classification and Regression Tree model (CART) models 
Chang and Chien (2013) developed a CART to examine heavy-vehicle drivers’ injury 
severity in road collisions in Taiwan. For variables with categorical value, a classification 
tree was developed, while a regression tree was developed for continuous values. The 
classification and regression tree has three steps in modelling. The three stages in this model 
are: tree growing, tree pruning and optimal tree selection. The first stage is to build a 
classification tree, which is tree growing and this process is basically to reduce the variance 
in terminal node. In the second stage, known as tree pruning, the structure of the tree is 
simplified by removing some branches to increase the predictive value. The final stage is 
optimisation to find the right size of tree (minimising the misclassification rate of both 
learning and testing samples) and avoiding overfit in original learning samples. The 
advantage of this model is that there is no need to specify the independent and dependent 
variables. It also has a drawback to examine the effect of critical variables on injury severity 
using elasticity analysis. 
2.2.2   Crash severity models focusing on non-heavy vehicle crashes 
 
2.2.2.1   Binary logit and probit models 
In road safety studies, the binary model has been widely applied by previous researchers for a 
dependent variable with the dichotomous output. In the binary model, severity injury 
outcome is generally categorized as severe or non-severe injury crashes, or fatal or non-fatal 
collisions. Rifaat and Tay (2009) developed a binary logit model to examine the effect of 
street patterns on injury risk in two-vehicle collisions.   
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2.2.2.2   Bayesian hierarchical binary logit 
In another study, Huang et al. (2008) developed a hierarchical binomial logistic model to 
investigate the main associated factors between driver injury severity and vehicle damage. 
The model can address within-crash correlation, which has two-level specifications to 
examine the effect of independent variables on injury severity. 
2.2.2.3   Bivariate and multivariate binary outcome models 
Lee et al. (2008) used a bivariate binary probit model to investigate the existence of 
correlations between passengers, drivers and collision risk. Instead of using two logistic 
models to examine the correlation between the presence and non-presence of passengers on 
collision risk, a bivariate model was developed. In a logistic regression, a dependent variable 
cannot be used in another regression model as an independent variable due to the 
heterogeneity issue. The advantage of this model is that it can generate efficient and unbiased 
coefficient estimation to address the possible correlation of unobserved impacts between 
interrelated responses (e.g. presence of passengers) and crash risk.  
On the other hand, Winston et al. (2006) developed a multivariate model which 
simultaneously uses four series of binary outputs to examine the willingness of drivers to 
have airbags or antilock brakes in the vehicle and the influence of these binary outputs on 
collisions, and the resulting injury severity level of crashes. 
2.2.2.4  A copula-based multivariate ordered probit model 
Eluru et al. (2010) developed a model to enhance safety and reduce the injury severity of all 
occupants in vehicles involved in road collisions. The method used in this research was a 
copula-based approach. A copula is a method which produces stochastic dependence 
connections between random variables and pre-specified marginal distribution. The strength 
of this copula-based approach is that it considers the unobserved factors in modelling severity 
injury of all vehicle occupants in collisions. 
2.2.2.5  Bivariate ordered probit models  
Bivariate ordered probit is appropriate to simultaneously model two dependent variables to 
address the possibility of endogeneity issue in crash injury severity (Savolainen, 2011). 
Lapparent (2008) developed a bivariate model to investigate the influence of wearing safety 
belts in cars and injury severity levels in crashes. 
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2.2.2.6 Generalized ordered logit models   
The generalized logit model is a model which generalises the standard ordered logit model. 
Quddus et al. (2009) developed models to discover the relationship between crash injury 
severity and traffic congestion conditions. The generalized ordered logit model was used 
because of it does not impose a constraint on parallel regression (Fu, 1998).  
2.2.2.7 Bayesian ordered probit, mixed generalized ordered logit and mixed ordered   
The Bayesian ordered probit model and the mixed generalized ordered logit and mixed 
ordered logit models are an extension to conventional ordered probability models. Xie et al. 
(2009) developed a Bayesian ordered probit model to investigate the crash injury severity of 
drivers in vehicle collisions. The Bayesian inference was extended into existing ordered 
probit to develop this model. The model produces more accurate predictions than ordered 
probit with a smaller size of crash data.  
On the other hand, Eluru et al. (2008) developed mixed generalized ordered logit to 
investigate pedestrian and bicyclist injury severity level in road crashes. This model allows 
the parameters to vary across observations and allows for heterogeneous effects in 
unobserved factors. It is also a generalized form of the standard ordered logit model. In 
another version, the mixed ordered logit model produces non–biassed estimation results and 
superior fit to the observed data than traditional ordered logit models (Srinivisan, 2002).  
2.2.2.8 Markov switching multinomial logit 
Malyshkina and Mannering (2009) developed a two-state Markov switching multinomial 
logit model to examine injury severity. This model assumes that there are two unobserved 
states of road safety related to injury severity, such as roadway entities which can switch 
between states over time. These two states consider possible unobserved heterogeneity 
factors of roadway effects which may influence injury severity.  
2.2.2.9 Sequential logit and probit models 
Sequential logit and probit models are generalized models of ordered logit and probit models 
which relax the restriction applied to standard ordered probability models (Eluru et al., 2008). 
Jung et al. (2010) developed a sequential logit model and compared it with an ordered probit 
to investigate the effect of rainfall in single vehicle collisions. The sequential logit not only 
retains the dependent variable in order but also allows different regression variables for the 
injury severity levels. On the other hand, Yamamoto et al. (2008) developed a sequential 
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binary probit model to investigate the effect of under-reported collision data and found that 
sequential logit performs better than the standard ordered probit model in addressing the 
parameter bias estimation due to under-reported data.  
2.2.2.10 Artificial Neural Networks (ANNs)  
A neural network model allows for potentially non-linear relationships between the injury 
severity and independent variables (Salvolainen et al. 2011). Chimba and Sando (2009) 
developed an artificial neural network (ANN) model to examine crash injury severity and 
found the ANN is able to predict crash injury severity with higher accuracy than traditional 
ordered probit models. The optimisation of the number of hidden neurons will increase the 
prediction accuracy of ANN models.  
2.3  Heavy Vehicle Crash and Injury Severity 
 
Many studies have investigated factors contributing to the frequency and severity of crashes 
involving heavy vehicles (Yasmin et al., 2010; Mooren et al., 2014). The main variables 
considered in previous research have been roadway characteristics (e.g. number of lanes) 
(Islam, 2015; Islam and Hernandez, 2016), traffic conditions (e.g. traffic volume) (Duncan et 
al., 1998; Lee and Li, 2014), temporal characteristics (e.g. time of day) (Islam et al., 2014; 
Lee and Li, 2014; Marquis & Wang, 2015; Pahukula, 2015), environmental factors (e.g. light 
conditions) (Pahukula et al., 2015; Islam and Hernadez, 2016), vehicle characteristics (e.g. 
vehicle type) (Lemp et al., 2011; Lee and Li, 2014), collision characteristics (e.g. sideswipe 
crashes) (Pahukula et al., 2015; Islam & Hernadez, 2016) and occupant characteristics (e.g. 
driver age) ( Zhu and Srinivasan, 2011b). 
 
Miaou (1994) investigated the effect of road alignment on the frequency of heavy vehicle 
collisions on a rural interstate freeway in the American state of Utah. The factors considered 
were speed limit, annual average daily traffic (AADT) per lane, horizontal curvature, vertical 
grade, shoulder width and percentage of heavy vehicles. Dong et al. (2015) investigated the 
effect of geometric design on crashes  occurrence involving heavy vehicles on highways in 
Tennessee, USA. They showed that the risk of crashes between cars and trucks was higher in 
commercial areas, while the risk of crashes between heavy vehicles was higher in industrial 
zones. 
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Sharma and Landge (2013) examined the frequency of truck collisions on an Indian national 
highway. They showed that heavy-vehicle crashes mostly depend on the number of accesses 
to each road segment, and the widths of the road lane and shoulder. They suggested that 
heavy vehicle collisions could be reduced by 30% with an increase of 1m in the lane width. 
In addition, widening the road shoulder by 0.25m in both directions would reduce truck 
collisions by 40%. In one of the few studies on crash frequency in urban areas, Marquis and 
Wang (2015) examined the temporal effect of crashes involving heavy vehicles in Manhattan, 
New York. The variables used in their model include vehicles, traffic, social, economic and 
environmental characteristics. They found that collisions involving heavy vehicle were less 
likely to occur during night-time in high population density areas.  
 
In terms of the injury severity of persons involved in multivehicle crashes involving at least 
one heavy vehicle, Duncan et al., (1998) investigated the factors contributing to passenger car 
occupant injury severity in rear-end crashes between trucks and passenger cars on divided 
highways in North Carolina. They found the occupants of sedan cars were more likely to be 
involved in severe injury than a wagon-type vehicle if hit by trucks. In the type of collisions 
involving passenger vehicles and heavy vehicles, head-on crashes contribute to more severe 
collisions compared to other type of collisions due to the different size and weight of the two 
vehicle types (Zhu and Srinivasan, 2011a). On the other hand, Ouyang et al., (2002), Zhu and 
Srinivasan, (2011b), and Islam (2015) found that passenger car occupants were associated 
with severe injury if involved in head-on crashes involving heavy vehicles.  
 
Chang and Mannering (1999) investigated the effect of vehicle occupancy on most severely 
injured occupants in collisions involving and non-involving at least one heavy vehicle in 
Washinton, DC., U.S.A. They found that drivers who were not wearing safety belts in 
collisions involving heavy vehicles were twice more likely to suffer severe injuries than 
drivers in collisions not involving heavy vehicles. In another study, crashes involving heavy 
vehicles in dark conditions were found to be correlated with severe injuries in Wisconsin, 
U.S.A. (Qin et al., 2013). 
 
On the other hand, collisions involving heavy vehicles were more likely to contribute to 
severe injury to passenger vehicle drivers at intersections in rural areas compared to urban 
areas (Khorashadi et al. 2005). In another study, Lemp et al. (2011) found motorcyclists were 
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more likely to be involved in fatalities compared to passenger vehicle occupants in crashes 
involving heavy vehicles. 
 
In terms of the injury severity of occupants, Pahukula et al. (2015) examined the effect of 
different times of day on the injury severity of drivers in crashes involving large trucks on 
urban freeways in Texas. They found that rain and darkness were more likely to contribute to 
serious injuries in crashes occurring in the afternoon, while a higher percentage of truck 
traffic contributed to more severe injuries in the evening. Another study in Texas found that 
collisions which occurred in rural areas, between midnight and 6 am, and with lighting, 
tended to increase the fatality risk (Islam and Hernadez, 2013).  
 
Chang and Chien (2013) found that drivers not wearing seatbelts and drivers under the 
influence of alcohol were more likely to suffer severe injuries in heavy vehicle crashes on 
national freeways in Taiwan. Cerwick et al. (2014) investigated heavy-truck crash severity on 
public roadways in Iowa, U.S.A. and found that three or more vehicles involved in a crash, a 
dry road surface, and heavy-vehicle drivers who were speeding were more likely to 
contribute to a severe outcome. 
 
In single-vehicle crashes involving a heavy vehicle, the factors contributing to injury severity 
of drivers were associated with excessive speed, being ejected from the vehicle, hitting fixed 
objects (Lee and Li, 2014), older drivers (age ≥50) and gender (female drivers) (Chen and 
Chen, 2011). In another study, heavy-vehicle drivers were more likely to be involved in 
severe injuries in single-vehicle crashes due to involving in hiting fix object collisions in 
rural areas, while run-off road collisions were more likely to result in severe injuries in urban 
areas (Islam et al., 2014). 
 
2.4 Intersection and Mid-block Crashes 
 
Since intersections can be considered as hazardous locations on the road, many studies have 
been conducted to examine the factors contributing to crashes at intersections (Tay and 
Rifaat, 2007; Barua et al., 2010; Anowar et al., 2014; Tay, 2015). A wide range of variables 
has been used in existing studies which compare crashes at intersections and mid-blocks, 
including gender (Lightstone et al., 2001; Moore et al., 2011), safety restraints (Roudsari et 
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al., 2007; Moore et al., 2011), age (Lightstone et al., 2001; Moore et al., 2011), speed limit 
(Roudsari et al., 2007; Haque et al., 2009; Moore et al., 2011), traffic volume (Bennet and 
Yiannakoulias, 2015), collision type (Ghamdi, 2003; Haque et al., 2009), time of day 
(Ghamdi, 2003; Haque et al., 2009), vehicle movement (Lightstone, 2001; Roudsari et al., 
2007), driving under the influence of alcohol or drugs (Moore et al., 2011), roadway type 
(Roudsari et al., 2007), distance from home (Lightstone et al., 2001), surveillance cameras 
(Haque et al., 2009), and land use characteristics (Bennet & Yiannakoulias, 2015).  
 
Several studies have investigated crashes at intersections compared to mid-blocks. Haque et 
al., (2009), who focussed on motorcycle crashes at intersections, mid-blocks and 
expressways, found that motorcyclists were more likely to be victims of multivehicle 
collisions at night due to other motorists’ mistakes. In another study, Moore et al. (2011) 
investigated the severity of injury in crashes involving vehicles and bicycles and found that 
female cyclists were more likely to be involved in crashes at intersections, while cyclists 
under the influence of alcohol or drugs were more likely to be involved in severe injuries at 
non-intersections. 
 
In all types of motor vehicle crashes, Ghamdi (2003) found that violating red lights, 
following too closely (tailgating) and failure to yield were associated with crashes at 
intersections, while crashes at mid-blocks were mainly associated with speeding. In another 
study, Roudsari et al., (2007) found that location (intersection or mid-block) is not a factor 
influencing crash severity. 
 
In a study focussing on collisions involving vehicles and pedestrians, Lightstone et al., (2001) 
found child pedestrians’ (0-14 years) mistakes were associated with crashes at mid-blocks, 
while driver mistakes were related to crashes at intersections. In another study, Bennet & 
Yiannakoulias, (2015) found that higher traffic volume and mixed land use were correlated 
with crashes at intersections, while longer road sections were associated with crashes 
involving child pedestrians at mid-block.   
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2.5 Influence of Neighbourhood Social and Economic Characteristics on Crashes 
 
The sociodemographic characteristics of the neighbourhood where the person lives and where 
the crash occurs contribute to road users’ injury severity (Factor et al., 2008). A wide range 
of variables have been used in previous studies of the influence of neighbourhood 
socioeconomic factors on traffic safety, including average family size, home density, 
(Lovegrove and Sayed, 2006), car ownership (Jones et al., 2008; Schneider et al., 2010; 
Pirdavani et al., 2016), marital status (Lascala et al., 2001; Steinbach et al., 2010), ethnic 
group (Lascala et al., 2001), level of education (Lascala et al., 2001; Huang et al. 2010; 
Dapilah et al., 2016; Haustein and Møller, 2016), driving licence (Pirdavani et al., 2016), 
gender (Lascala et al., 2001; Schneider et al., 2010), income (Lascala et al., 2001; Schneider 
et al., 2010; Guliani et al., 2015 ), age (Lascala et al., 2001; Schneider et al., 2010), residents’ 
occupation or employment (Lascala et al., 2001; Hadayeghi et al., 2010; Pirdavani et al., 
2016), and population (Lovegrove and Sayed, 2006; Jones et al.,2008; Pirdavani et al., 2016). 
Several studies have examined the influence of the neighbourhood socio-demographic 
characteristics of the crash location on traffic safety. For instance, Lovegrove and Sayed 
(2006) developed an aggregate or macro-level collision prediction model. They found that 
increases in the number of crashes were associated with an increase in job density, population 
density and unemployment in the neighbourhood. In another study, Spoerri et al. (2011) 
found that traffic mortality increased with a decrease in the population density of study areas 
in motor vehicle occupants and motorcyclists but not for cyclists or pedestrians. Pirdavani et 
al. (2016) found that average car ownership and household income of the traffic analysis 
zones in Flanders, Belgium, had a significant influence on the frequency of crashes in those 
zones. Jones et al. (2008) found that the average number of cars per capita and the 
depravation scores of local areas in England and Wales were correlated with the frequency of 
crashes in those areas. 
Schneider et al. (2010) examined the association between intersection characteristics and 
pedestrian crash risk. They found that neighbourhoods with higher populations of children 
were more likely to have a higher frequency of pedestrian crashes. Using a geostatistical 
analysis, Lascala et al. (2001) examined the influence of neighbourhood characteristics, such 
as alcohol availability and alcohol consumption patterns, on pedestrian injury crashes 
involving single motor vehicles. They found that alcohol- related pedestrian crashes occurred 
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more often in neighbourhoods with more bars and higher population densities, while non-
alcohol-related pedestrian crashes were higher in urban areas with higher intersection 
densities, lower incomes, and more younger and older people. In a recent study, Pirdavani et 
al. (2016) investigated the differences in the socioeconomic and sociodemographic 
characteristics of neighbourhood on-road crashes and found that higher income and higher 
rates of car ownership were associated with fewer casualties to male road users.  
Similarly, several studies have examined the influence of the socioeconomic characteristics 
of residential locations on traffic injuries (Abdalla et al., 1997; Graham et al., 2005; Licaj et 
al., 2011). For example, Abdalla et al. (1997) found that the proportion of road accident 
casualties among the residents of the 15% most deprived areas was higher than the proportion 
of the 15% most affluent areas in the Lothian region of Scotland. Licaj et al. (2011) examined 
the road trauma registry in Rhone, France, for residents under 25 years old, and found that the 
incidence was higher for those living in economically-deprived areas. 
2.6  Limitations of the Existing Literature  
 
The existing literature has a number of limitations, including the  limited number of studies 
on reducing heavy-vehicle crash injury severity (Jung et al., 2014). In crash severity studies, 
there are model types which have not been investigated in studies focusing on heavy-vehicle 
crashes. Examples of those model types include binary logit and generalized ordered logit 
models, as shown in Table 2.1. There have also been limited studies at vehicle and occupant 
level using crash data to investigate the severity of injury of occupants in collisions involving 
heavy vehicles. In addition, several potentially important variables, such as special road 
facilities (e.g. bridges), the presence of police at the collision scene, road division markings, 
type of intersection and number of people involved in collisions, are yet to be investigated. 
In summary, our review of the existing literature has shown that few studies have focused on 
single-vehicle collisions involving heavy vehicles or truck crashes in urban areas. 
Furthermore, little research has been conducted on collisions involving heavy vehicles at 
intersections and mid-blocks. Regarding heavy-vehicle collisions, no research has focused on 
understanding the factors contributing to angle crashes. The review of the existing road safety 
literature has shown that limited research has been conducted on the influence of 
neighbourhood socio-demographic characteristics around crash locations and the 
neighbourhoods where road users live. More specifically, no study to date has investigated 
 21 
 
the effects of neighbourhood socio-demographic characteristics of both the crash location and 
road users' residence, on traffic crashes involving heavy vehicles.  
2.7  Summary 
 
This chapter has presented a review of existing crash severity models used to analyse crash 
and injury severity in road collisions. In addition, the advantages and disadvantages of the 
crash severity models which have been applied in modelling crashes and injury severity 
prediction in existing studies have been summarised. According to the literature, the models 
which have been used  to investigate crash and injury severity include binary outcome 
models, ordered discrete outcome, and unordered multinomial discrete outcome models. The 
two major types of crash severity outcomes that are normally used for modelling are ordered 
discrete outcome and unordered multinomial discrete outcome. The ordered discrete outcome 
of the dependent variable is ordinally categorised from low injury to high severity injury or 
non-injury to fatal injury. On the other hand, the unordered multinomial discrete outcome 
does not take account of ordinal severity injury datasets.  
Variables have been used in previous models and the findings of previous studies on crash 
and injury severity involving heavy vehicles as well as the existing literature on road 
collisions at intersections and mid-blocks have been summarised. In addition, a summary of 
existing studies on the influence of neighbourhood socio-demographic characteristics around 
crash locations and the neighbourhoods where road users live on traffic crashes has been 
provided in this chapter.  
 
  
 22 
 
Chapter 3 Differences in single heavy-vehicle crashes at intersections and mid-block    
  
 
3.1 Introduction 
 
In Australia, heavy vehicles contribute significantly to the national economy because they are 
the major means for transporting goods within the country. The average annual growth rate 
for road freight in the Melbourne metropolitan area was estimated to be 4.9 per cent between 
1985 and 2003, and it is estimated to grow from 10.3 billion tonne-kilometres in 2003 to 16.9 
billion tonne-kilometres in 2020 (BTRE, 2007). Since a large part of the growth in freight 
transport is occurring within urban regions (BTRE, 2007; Moridpour et al., 2010; Moridpour 
et al., 2011; Sarvi, 2013), there is growing concern about its potential negative social impacts, 
including an increase in traffic collisions involving trucks and other heavy vehicles in 
metropolitan areas.  
 
Although heavy vehicles comprise only 3% of the total number of registered vehicles and 8% 
of the vehicle-kilometres travelled, this vehicle type is involved in 18% of all road fatalities 
in Australia (ATC, 2011). Moreover, the probability of collisions increases by 5% when the 
percentage of heavy vehicles is more than 30% of the total traffic volume (Moridpour et al., 
2015). In addition, owing to their larger size and mass, heavy vehicle collisions often result in 
more severe injuries. The number of fatal injuries resulting from heavy rigid truck crashes 
increased by 8.5% each year between March 2012 and March 2014 in Australia (BITRE, 
2014).  
 
The objective of this research is to identify the factors differentiating between single vehicle 
crashes involving heavy vehicles at intersections and mid-blocks. Specifically, single-vehicle 
collisions at intersections and mid-blocks in the Melbourne metropolitan area are analysed 
using the binary logit model. This study contributes to the advancement of knowledge in this 
field because little or no research has been done on single-vehicle collisions involving heavy 
vehicles at intersections and mid-blocks.  
 
The remainder of this chapter is organised as follows. In the next section, the data used in this 
research and the estimation model are presented. The results are discussed in Section 3.3, and 
the last section provides some concluding remarks. 
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3.2  Methods 
 
3.2.1 Data  
 
The primary data used in this study were provided by VicRoads and contained information 
on all police-reported collisions in Victoria, Australia. The data provided included 
information on environmental, temporal, road user, road and vehicle characteristics. In 
addition, information on traffic volumes and road features (e.g. road division markings) was 
extracted from the Australian Urban Research Infrastructure Network Portal (AURIN). The 
variables used in estimating the final model are summarized in Table 3.1. 
 
Table 3.1: Summary of variables included in models 
 
Variables Mid-Block Intersection 
Categorical Variables 
Vehicle manoeuvre prior to crash   
Going straight (reference) 75.6 40.7 
Turn left 4.0 25.7 
Turn right 3.3  22.5 
Others/Not known 17.2 11.1 
Collision classification   
Run-off-road (reference) 49.5 36.0 
Angle 16.5 41.1 
Others 34.0 22.9 
Type of collision   
Collision with fixed object (reference) 38.0 19.4 
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Vehicle overturn 15.8 19.0 
Collision with pedestrians 35.6 58.5 
Collision with other object 3.3 0.4 
Others 7.3 2.8 
Speed limit (km/h)   
<50 (reference) 23.4 29.6 
60-79 40.6 57.3 
80-99 12.5 7.9 
> 100 20.5 2.0 
Not known 3.0 3.2 
Road classification    
Freeway or highway 38.3 29.6 
Main road 28.1 46.6 
Other road (reference) 33.6 23.8 
Special road facility (bridge, tunnel, etc.)   
Yes  6.6 0.4 
No/Unknown (reference) 93.4 99.6 
Road division marking   
Divided double line 17.8 4.7 
Divided single centreline 11.9 22.1 
Not divided (reference) 32.3 33.2 
Unknown 38.0 39.9 
Continuous Variables 
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Percentage of heavy vehicles  8.8 (5.6) 6.9 (4.1) 
Note: Distribution (%) of collisions reported for categorical variables. 
         Mean (and standard deviation) reported for continuous variables 
 
 
From 2003 to 2012, there were 556 single-vehicle crashes involving heavy vehicles in the 
Melbourne metropolitan area. Of the 556 crashes, 253 (45.5%) occurred at intersections and 
303 (53.5%) occurred  at mid-blocks. According to the VicRoads' user guide for the crash 
data provided, an accident within 10 metres of an intersection is defined as an intersection 
crash. In addition, collisions on freeway interchanges and overpass roads are also considered 
as collisions at intersections (Vicroads, 2008).  
 
Heavy vehicles in this research included vehicles in several categories in the VicRoads 
classification scheme: prime mover only, prime mover (single trailer), prime mover (B-
double and B-triple), prime mover (number of trailers unknown), light commercial vehicle 
(rigid<= 4.5 tonnes), heavy vehicle (rigid > 4.5 tonnes), and rigid truck (weight unknown). 
Note that buses and other types of heavy vehicles (machinery, farm, etc.) were not included 
in this study.  
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3.2.2  Binary Logit Model 
 
A summary of existing studies on binary logit model is presented in Chapter Two Section 
2.2.2.1 above. Since the dependent variable in this study is the crash location of the heavy 
vehicle which is divided into two categories in the present research (intersections and mid-
blocks), the binary logit regression model is appropriate. This model has been widely applied 
by previous researchers in road safety for modelling a dependent variable with a dichotomous 
outcome (Obeng, 2007; Tay et al., 2008, 2009; Rifaat & Tay, 2009; Haleem & Abdel-Aty, 
2010; Johnson et al., 2011; Anowar et al., 2013; Weng & Meng,2014; Tay 2016; Tay & Choi 
2016). 
 
In the present study, the binary response variable, 𝑦𝑖𝑛, is defined as: 
 
𝑦𝑖𝑛 = {
1,   if crash 𝑛 occurred at intersection
0,   if crash 𝑛 occurred at midblock     
                                (3.1) 
 
Let, Pn (i) and 1- Pn (i) denote the probability of crash n occurring at an intersection and mid-
block, respectively. McFadden (1981) shows that under the standard logistic distribution, the 
closed form solution of the probabilities is: 
 
 𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑥𝑖𝑛)
1+exp (𝛽0+𝛽𝑖𝑥𝑖)
                                                             (3.2) 
  
where, 
 
𝑥𝑖𝑛is a vector of measurable characteristics that determine outcome i, 
𝛽𝑖 is a vector of estimable parameters. 
 
The best estimate of β can be obtained by maximising the log likelihood function: 
 
𝐿𝐿(𝛽) = ∑ {𝑦𝑖𝑛 ln( 𝑃𝑛(i)) + (1 − 𝑦𝑖𝑛)ln (1 − 𝑃𝑛(i))}
𝑛
𝑖=1                                 (3.3) 
 
The estimates of the model can be interpreted as follows: if the coefficient (βi) >0, then the 
crash is more likely to occur at an intersection with increasing value for Xi; if (βi) <0, then the 
crash is more likely to occur at mid-block with increasing value of Xi.                    
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In addition to estimating the coefficients, many studies have also computed the odds ratios. 
When an independent variable xi increases by one unit, with all other factors remaining 
constant, the odds increase by a factor exp (i), which is called the odds ratio (OR), and it 
ranges from zero to positive infinity. The OR indicates the relative amount by which the odds 
of the outcome (crash occurring at an intersection rather than in mid-block) increase (OR>1) 
or decrease (OR<1) when the value of the corresponding independent variable (e.g. 
percentage of heavy vehicles) increases by one unit. 
3.2.3  Mixed logit (Random parameter logit) models 
 
A summary of existing studies on random parameter logit model is presented in Section 
2.2.1.5 of Chapter Two. Random parameters, or mixed logit, were applied to allow the 
possibility that the parameters may vary across observations (Washington et al., 2010). Some 
researchers have chosen to use the random coefficient logit or probit model to allow for 
heterogeneous effects and correlations in unobserved factors (Milton et al., 2008; Kim et al., 
2010; Anastasopoulos & Mannering, 2011; Tay, 2015). Random parameter models, 
especially the random parameter logit or mixed logit models, have been increasingly used in 
traffic safety studies to analyse both crash frequency and severity (Lord & Mannering, 2010; 
Savolainen et al., 2011). To develop the mixed logit model, this study follows Milton et al., 
(2008) as follows: 
 
𝑌𝑖𝑛
∗ = 𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛        (3.4)
  
where, 
𝑌𝑖𝑛
∗  = is a linear function for determining the outcome (crash locations), 
𝛽𝑖  = a vector of estimated coefficients, 
𝑿𝑖𝑛 = a vector of explanatory variables, 
𝜀𝑖𝑛 = is an error term. 
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If 𝜀𝑖𝑛 are assumed to be extreme value distribution, we have the standard multinomial logit 
model (McFadden, 1981). Let 𝑃𝑛(𝑖) be the probability of outcome category i for observation 
n. then 
 
𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑿𝑖𝑛)
∑ exp𝐼 (𝛽𝑖𝑿𝑖𝑛)
       (3.5) 
 
In the random parameter model, to let parameter (𝛽𝑖) vary across observations, a mixing 
distribution is introduced (Train, 2003) and the resulting outcome probabilities are given by:
  
𝑃𝑖𝑛 = ∫
𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]
∑ 𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]𝐼
𝑓(𝛽𝑖|𝜑)𝑑𝛽𝑖     (3.6) 
 
where, 𝑓(𝛽𝑖|𝜑) is the density function of β and 𝜑 refers to a vector of parameters of the 
density function (mean and variance) and other terms are as previously defined. Equation 3.6 
shows the mixed logit model. In the mixed logit model estimation, β can now account for 
observation-specific variations of the effect of 𝑿  on injury severity probability, with the 
density functions 𝑓(𝛽𝑖|𝜑) used to determine β.  
 
The random parameter model uses a weighted average for different values of β across 
observations, where some elements of the parameter vector β may be fixed and some are 
randomly distributed. If any parameters are found to be random, then the mixed logit weight 
is determined by the density function. For the functional form of the density function, 
numerous distributions have been considered, such as normal, uniform and lognormal. Mixed 
logit models are usually estimated using the simulation of maximum likelihood with Halton 
draws (Train 1999; Bhat 2003). 
 
However, preliminary analyses in the present study using the random parameters binary 
logistic model found no statistically-significant estimate of the variance for any of the 
coefficients, indicating that the fixed coefficient binary logistic model is appropriate. 
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3.3.  Results and Discussions 
 
The results of the model are summarized in Table 3.2. In general, the model fits the data well, 
based on the very large chi-square statistic, the very small p-value for goodness of fit, and the 
relatively high McFadden pseudo R-square value. In addition to the variables shown in Table 
3.2, several other variables were included in the preliminary analyses but were found to be 
statistically insignificant. The insignificant variables were restraint use, license state, age and 
gender of the driver, road surface and weather conditions, season, time of day, day of week, 
crash severity, police attendance at crash scene, number of people involved in the collision, 
light conditions and type of truck involved. Therefore, these factors were not associated with 
the location (intersection or mid-block) of a single heavy-vehicle crash, although they may 
have a significant effect on the frequency or severity of heavy-vehicle crashes. 
 
Table 3.2: Estimates of binary logit model for intersection and mid-block crashes 
Dependent variable: y = 1 for intersection and y= 0 for mid-block 
Number of observations: 566 
Log likelihood: -278.2 
Restricted log likelihood: -383.1 
Chi-square statistic: 209.84 
Significance level: <0.00001 
McFadden pseudo R-squared: 0.2738 
Variable Coefficient Std Err p-value OR 
Vehicle manoeuver     
Turn left 2.003*** 0.366 0.000 7.409 
Turn right 2.137*** 0.396 0.000 8.474 
Collision classification     
Angle crash 0.826*** 0.243 0.001 2.283 
Type of collision     
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Vehicle overturn 0.544* 0.323 0.092 1.722 
Speed limit (km/h)     
60-79 -0.600** 0.285 0.036 0.549 
80 and 99 -1.140** 0.454 0.012 0.320 
> 100 -2.633*** 0.633 0.000 0.072 
Road classification     
Freeway or highway 1.117*** 0.355 0.002 3.056 
Main road 0.930*** 0.292 0.001 2.533 
Special road facility     
Yes -2.140* 1.105 0.053 0.118 
Road division marking     
Divided double line -0.877** 0.432 0.042 0.416 
Percentage of heavy vehicles -0.051** 0.026 0.049 0.951 
Constant -0.530** 0.263 0.044 - 
Note: ***, **, * denote statistically significant at α= 1%, 5%, 10% 
 
As shown in Table 3.2, heavy-vehicle right-turn and left-turn movements prior to collisions 
are positively correlated with crashes at intersections. Right-turn movement by a heavy 
vehicle is over eight times (OR=8.474, p<0.001) more likely to result in single heavy-vehicle 
crashes at intersections, while left-turn movement is over seven times (OR=7.409, p<0.001) 
more likely to result in single heavy-vehicle crashes at intersections than corresponding 
crashes at mid-blocks. These results were expected, because heavy vehicles are more likely to 
do a right or left turn at intersections than in mid-blocks. Turning movements at mid-blocks 
are most likely associated with entry and exit from properties, which are less frequent than 
turning movements at intersections. Another possible explanation may be the insufficient 
turning space at smaller roundabouts in Melbourne and other urban Australian cities to 
accommodate large heavy vehicles (Austroads, 2003). 
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These results are reinforced by the next finding that angle crashes involving a single heavy 
vehicle are more likely (OR=2.283, p=0.001) to occur at intersections than mid-blocks. It 
should be noted that our study focussed on single-vehicle crashes. This implies that the 
crashes likely involved the side of heavy vehicles hitting pedestrians or fixed objects at 
intersections. The latter type of crash would likely involve a heavy vehicle that was making a 
tight turn and hitting a fixed object placed near the edge of the road or in the road median. In 
addition, due to the limited road space in the Melbourne metropolitan area between public 
transport (buses and trams) and private vehicles, heavy-vehicle operators may focus more 
attention on public transport (buses and trams) and cyclists in urban Australia cities 
(Austroads, 2007). 
 
Interestingly, vehicle overturn was more likely (OR=1.722, p=0.092) to be associated with 
single heavy-vehicle crashes at intersections rather than in mid-blocks. This result was in 
contrast to Al-Ghamdi’s (2003) finding that vehicle (all vehicles) overturn crashes were more 
likely to occur in mid-blocks in urban areas. One possible explanation for the finding may be 
that trucks overturn at intersections when making a difficult turn or a turn at excessive speed. 
Overturning during a turning movement is more likely to occur to heavy vehicles, partly 
because of their higher centre of gravity. Again, with limited road space in urban areas, there 
might be insufficient space for heavy vehicles to turn safely, especially at the posted speed 
limits, at intersections in Australia (Austroads, 2010). 
 
As shown in Table 3.2, the posted speed limit had a significant influence on crashes 
occurring at intersections or mid-blocks. Compared to local roads (with speed limits 
<50km/h), single heavy-vehicle crashes on roads with higher speed limits are more likely to 
occur in mid-blocks than at intersections. This result was expected, because vehicles driven at 
higher speed might be more likely to lose control and run off the road at mid-blocks. This 
explanation is supported by the observation that crashes involving heavy vehicles hitting 
fixed objects in mid-block had a higher percentage than the corresponding crashes at 
intersections, although this variable was not statistically significant in the model. 
Furthermore, at speeds above 60km/h, it is more difficult for a heavy vehicle to stop in mid-
block to avoid hitting pedestrians or other non-motorists. 
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Our results also show that highways/freeways and main roads are more associated with single 
heavy-vehicle crashes at intersections rather than at mid-blocks. In terms of odds ratios, 
single-vehicle crashes on highways are 3.056 times more likely to occur at intersections, 
while these crashes on main roads are 2.533 times more likely to occur at intersections 
relative to mid-blocks. These results are consistent with our previous results that vehicle 
overturn and angle crashes are more likely occurred at intersections than at mid-blocks. Note 
that most main roads with posted speed limits higher than 70km/h are considered as 
highways/freeways in Melbourne and intersection crashes include changes at interchanges. 
The result that heavy vehicle crashes mostly occur in 60 km/h and higher posted speed zones 
is consistent with previous findings on truck crashes in Australia (Tziotis, 2011; BTRE, 
2016). 
 
As expected, special road facilities, such as tunnels and bridges, are significantly associated 
with single-vehicle crashes in mid-block. This result is consistent with our previous result 
that single heavy-vehicle crashes are more likley to involve run-off road crashes, which also 
increases the likelihood of hitting special road facilities. This result differs from that of Tay 
(2015), who found that special road facilities were more likely to be associated with crashes 
at intersections in rural areas compared to urban areas. The difference in the results may be 
due to the focus on heavy-vehicle crashes at intersections and mid-blocks in our study instead 
of a comparison between urban and rural crashes.  
 
On the other hand, single heavy-vehicle crashes on roads with divided double lines are more 
likely to occur in mid-blocks than at intersections. This result is somewhat surprising, 
because the majority of crashes on roads with divided double lines occur on 
freeways/highways and main roads. When interpreted with the above results on main roads 
and freeway/highways, this result may imply that crashes on main roads and highways with 
road medians or median barriers are likely to occur at intersections, while crashes on main 
roads and highways with road division markings are likely to occur at mid-blocks. Further 
examination of the data reveals that a relatively larger proportion of crashes on roads with 
double lines crashes involving pedestrians. These results suggest that trucks are likely to hit 
pedestrians at mid-blocks along main roads and highways with divided double lines. This 
finding is similar to the result of Abdelgawad et al. (2014), that pedestrians are likely to be hit 
by vehicles at mid-blocks due to jaywalking.  
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According to the results, a higher percentage of heavy vehicles in the total traffic volume is 
significantly associated with single-vehicle collisions in mid-blocks (OR=0.951, p=0.049). 
This result may be partly due to exposure and locational effects. Moore et al.(2011) found 
that heavy vehicles had a significant effect on the severity of crashes in mid-blocks but did 
not have a significant effect on crashes at intersections. Another possible explanation may be 
the inadequate or poor delineation of centrelines, which has been identified as a common 
contributing factor (69% of sites investigated) in heavy-vehicle collisions at mid-block in 
urban Australia (Austroads, 2013). A further explanation may be the increased likelihood of a 
crash resulting from a truck overtaking another truck. Such manoeuvers are more likely to 
occur in mid-blocks. This finding is similar to the results presented by Ma et al., (2015), who 
found that the risk of crashes was higher at mid-blocks due to lane-changing by vehicles on 
urban roads. 
 
3.5  Conclusions 
 
The safety of heavy vehicles has attracted considerable attention from government agencies 
and the general public. Heavy vehicles have many unique operating characteristics, such as 
poor acceleration and stopping capabilities, high rigidity, greater mass and longer length. 
These characteristics partly contribute to their over-representation in traffic fatality rates, 
despite the drivers' mistakes, decision errors and speeding contribute significantly to heavy-
vehicle crashes. In addition, many heavy vehicles may experience more difficulties than 
average passenger cars in certain road locations due to these unique characteristics. 
 
Since single-vehicle crashes contribute a substantial share (69%) of truck fatalities in 
Australia, this study explored differences in factors contributing to single heavy-vehicle 
crashes at intersections and mid-blocks in the Melbourne metropolitan area. Crashes at 
intersections are more likely to be associated with turning vehicle movements prior to the 
crash (turn right and turn left), crashes that occurred on freeways/highways and main roads, 
and involving heavy vehicle angle and overturn crashes. On the other hand, crashes in mid-
blocks are more likely to be associated with higher posted speed limits (60km/h and higher), 
higher percentages of heavy vehicles in traffic, special road facilities and roads with divided 
double lines.  
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To improve heavy-vehicle safety, transport authorities, road safety professionals and fleet 
managers and occupational safety officers in the trucking industry should consider auditing 
intersections to ensure adequate turning radii for large trucks and sufficient clearance 
between any fixed objects on the roadside and roadway, and removing any unnecessary 
objects in the medians near intersections. Other possible safety solutions include the 
installation of surveillance cameras at intersections and along main roads, including 
freeways/highways and other high-speed roads. Education and training campaigns targeted at 
heavy-vehicle drivers, and highlighting the different hazards at intersections and mid-blocks, 
should also be considered.  
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Chapter 4 The influence of neighbourhood socio-demographic characteristics on injury 
          severity in heavy-vehicle crashes 
 
4.1 Introduction 
 
Every year, almost 1.2 million people are killed and 50 million are injured in road crashes 
worldwide (WHO 2009, 2013). The road traffic injury statistics are alarming and without any 
new initiatives to reduce them, road crashes are predicted to be the third leading cause of 
deaths in the world by 2020 (Peden et al., 2004). In Australia alone, approximately 1400 
people are killed and 32000 people are severely injured in road crashes every year (ATC, 
2011). Of the different types of vehicles involved in crashes, heavy vehicles are of special 
concern, because the likelihood of a fatal or serious injury outcome is significantly higher 
when a heavy vehicle is involved, due to its large size and mass.  
 
Between 2012 and 2014, there were about 11 traffic fatalities per month due to crashes 
involving articulated trucks and seven road fatalities per month due to crashes involving rigid 
trucks (Austroads, 2015). More importantly, the number of road fatalities resulting from 
heavy rigid truck crashes increased by approximately nine per cent per year from 2012 to 
2014 (BITRE, 2014). Moreover, truck traffic is forecast to increase by around 50 per cent by 
2030 (DIRE, 2014). The increasing truck traffic is an added concern because the probability 
of a vehicle collision increases by five per cent when the share of heavy vehicles is higher 
than 30 per cent of the total traffic volume (Moridpour et al., 2015).  
 
To reduce the road trauma resulting from crashes involving heavy vehicles, more research is 
needed to provide better understanding of the factors contributing to the frequency and 
severity of these crashes. Although many studies have investigated factors contributing to 
crashes involving heavy vehicles, few studies have examined the influence of neighbourhood 
socioeconomic characteristics on crash outcomes. Most studies of factors contributing to the 
severity of these crashes have focused on roadway, environmental, driver and vehicle 
characteristics. Only a few studies have examined the influence of the social characteristics 
of the area surrounding crash locations, and fewer studies have examined the influence of the 
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social, economic and demographic characteristics of neighbourhoods where  road users live 
(Warsh et al., 2009; Cottrill and Thakuriah, 2010; Schneider et al., 2010).  
 
The socioeconomic status (SES) of a person is one of the most fundamental determinants of 
his or her health outcomes. The importance of social, physical, economic and environmental 
factors in determining health outcomes has been identified in many studies (National Health 
Committee, 1988; Carroll et al., 1993; Link and Phelan, 1995). The social influences 
examined include a range of inter-related factors, such as education, employment, occupation 
and working conditions, income, and housing. However, the influence of SES on health 
outcomes of traffic accidents has been examined in only a few studies and only a limited 
number of factors have been explored.  
 
Therefore, the objective of this research is to identify factors contributing to the severity of 
crashes involving heavy vehicles. In addition to the usual contributing factors, such as 
roadway, environment, road user and vehicle factors, this study examines the influence of 
social and demographic characteristics of the neighbourhood where road users live and where 
crashes occur in the State of Victoria, Australia, using the multinomial logit model. This 
study will contribute to advancing knowledge in the field, as little research has been done on 
the contribution of the socio-demographic characteristics of the neighbourhoods where road 
users live and where crashes occur.  
 
The remaining chapter is organised as follows. In the next section, the data used in this 
research and the estimation model are presented. The results are discussed in Section 4.3, and 
the last section provides some concluding remarks. 
 
4.2 Methods 
 
4.2.1 Data  
 
The primary data used in this study were provided by VicRoads and contained information 
on all police-reported collisions in Victoria, Australia. The data provided included 
information on environmental, temporal, road user, road, and vehicle characteristics. In 
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addition, information on traffic volume and road features (e.g. road division marking) was  
extracted from the Australian Urban Research Infrastructure Network Portal (AURIN).  
 
Data on the neighbourhood socio-demographic characteristics at the postcode level were 
extracted from the Australian Bureau of Statistic (ABS). The ABS census collects social, 
economic and demographic information, such as education, English language proficiency, 
occupation, income, and birthplace, etc. The level of education was categorized:  secondary 
school or lower, technical or further educational institution, university or other tertiary 
institution and other type educational institution. On the other hand, occupations were 
categorized as managers, professional, technical and trade, communication and personal, 
clerical and administration, sales, machine operator, labourers, while birthplace as born in 
Australia and overseas. The data were matched to the postcodes of the driver licenses and the 
crash locations provided in the police crash reports. It should be noted that about 12% of the 
observations had the same postcodes for both the road user residency and the crash location, 
indicating that 88% of crashes did not occur in the same postcode where the person lived. 
The variables used in estimating the final model are summarised in Table 4.1. 
 
Table 4.1: Summary of variables by injury outcome 
Variables Fatal Severe Minor PDO 
Road Users' Residence Neighbourhood Characteristics (mean and standard deviation) 
Education (%)     
University  10.1 (8.3) 12.9 (10.2) 14.1 (10.4) 15.1 (10.7) 
Technical or further 7.2 (2.2) 7.2 (2.0) 7.2 (2.0) 7.3 (2.0) 
Birthplace (%)     
Overseas  20.2 (15.4) 26.9 (17.1) 28.7 (17.0) 30.6 (16.7) 
Australia 78.9 (18.3) 72.2 (18.2) 70.4 (18.2) 68.5 (18.0) 
Occupation (%)     
Sales 8.9 (2.3) 8.9 (2.2) 9.1 (2.1) 9.2 (2.1) 
Clerical and administrative 12.2 (3.6) 13.2 (3.4) 13.5 (3.3) 13.8 (3.2) 
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Crash Location Neighbourhood Characteristics (mean and standard deviation) 
Birthplace (%)     
Australia 63.0 (32.5) 61.8 (30.5) 60.9 (30.5) 58.2 (32.3) 
Occupation (%)     
Professional 15.0 (9.9) 15.8 (10.3) 15.9 (10.3) 14.2 (9.7) 
Sales 8.0 (4.0) 8.0 (3.9) 8.1(3.9) 7.8 (4.2) 
English language speaking proficiency 
(%) 
    
Not well or not at all 6.9 (7.4) 8.0 (7.8) 8.0 (7.8) 7.4 (7.6) 
Crash Characteristics (categorical variables - row percentages shown) 
Road user gender     
   Male (reference) 2.4 16.0 25.3 56.3 
   Female 2.3 23.3 44.8 29.6 
   Unknown 0.2 6.3 13.0 80.5 
Road user age (years)     
0-15 (reference) 3.3 13.8 30.9 52.0 
16-24 2.2 19.5 33.9 44.4 
25-44 1.8 16.1 30.0 52.1 
45-64 2.3 16.9 28.9 51.9 
65+ 5.2 30.4 33.8 30.6 
Unknown 0.4 9.5 12.2 77.9 
Driving licence      
   Victoria (reference) 2.0 17.3 30.4 50.4 
   Other Australian states 4.4 20.6 21.1 53.9 
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   Overseas 1.6 20.3 36.7 41.4 
   Not known/Not available 3.3 18.7 29.8 48.2 
Ejected from vehicle     
Yes  14.8 52.5 28.9 3.8 
No/Unknown (reference) 1.8 16.3 30.1 51.8 
Safety restraint use      
Yes (reference)  1.7 17.1 32.0 49.2 
No 10.3 36.0 27.8 25.8 
Not fitted / appropriate 7.9 25.5 28.4 38.2 
Unknown 2.1 15.8 25.4 56.7 
Type of vehicle      
Heavy vehicle (reference) 2.4 16.5 26.5 54.6 
Passenger vehicle 2.0 21.4 40.7 35.9 
Other vehicle 2.4 15.5 24.3 57.8 
Vehicle age      
New (1995 or after) 2.4 18.5 33.6 45.5 
Old (before 1995) (reference) 2.1 16.4 24.8 56.7 
Number of vehicles      
   One 4.8 32.7 40.8 21.7 
   Two  2.4 17.8 32.0 47.8 
   Three and more (reference) 1.3 12.6 22.6 63.6 
Vehicle damage      
   Minor damage (reference) 1.5 10.4 22.5 65.6 
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   Moderate damage (driveable) 0.5 10.2 36.2 53.1 
   Moderate (towed) 1.4 16.4 39.5 42.7 
   Major  (towed) 1.4 27.7 41.5 29.3 
   Extensive (unrepairable) 8.0 37.7 35.1 19.2 
Vehicle weight (tonnes)     
   < 12 1.6 18.0 32.7 47.7 
 12-20 2.5 15.2 22.7 59.6 
    > 20 (reference) 1.7 15.0 25.1 58.2 
   Unknown 2.5 18.0 30.5 49.0 
Vehicle manoeuver     
Going straight (reference) 2.8 20.7 32.9 43.6 
Turning right 1.9 19.2 33.0 45.8 
Slowing/Stopping 0.6 9.9 33.9 55.6 
Turning left 1.3 16.9 34.4 47.4 
Others/Not known 2.0 14.5 25.0 58.5 
Initial point of impact     
Rear (reference) 0.8 12.7 37.9 48.6 
Front  3.4 21.7 28.6 46.4 
Right front door and panel 3.2 24.6 35.1 37.1 
Right rear door and panel 0.9 15.3 35.8 48.0 
Left front door and panel 2.6 19.9 35.4 42.2 
Left rear door and panel 1.5 15.4 32.4 50.8 
Collision classification     
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Run-off-road (reference) 3.0 30.9 44.1 22.0 
Head-on 8.0 22.7 24.3 45.0 
Angle 3.0 20.4 27.1 49.4 
Rear end 0.6 12.3 29.6 57.4 
Sideswipe 1.7 16.0 27.4 54.9 
Type of collision     
Collision with vehicle  2.0 16.1 29.0 52.9 
Collision with fixed object 4.8 29.8 41.8 23.7 
Collision with pedestrian 7.4 22.4 18.1 52.1 
Overturns (reference) 1.4 38.3 48.7 11.6 
Others 0.8 13.4 40.9 44.9 
Light conditions      
Daylight (reference) 2.0 16.6 30.5 50.9 
Dark, lighted 2.2 22.0 26.2 49.6 
Dark, not lighted 6.5 27.9 27.7 37.9 
Unknown light 0.5 15.3 38.6 45.5 
Time of day      
   Morning peak (7 am - 10 am) 2.1 15.0 31.4 51.4 
   Off-peak 2.1 16.6 31.2 50.1 
   Afternoon peak (4 pm - 7 pm) 1.9 17.0 28.4 52.7 
   Night (reference) 3.5 24.7 27.8 44.0 
Season      
  Summer (reference) 2.2 17.0 31.8 49.1 
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  Autumn 2.4 18.1 29.2 50.3 
  Spring 2.3 17.7 28.5 51.5 
  Winter 2.3 17.8 30.7 49.2 
Location     
Metropolitan Melbourne 1.2 15.1 29.5 54.2 
Non-Melbourne (reference) 4.2 22.0 30.9 42.9 
Road classification      
Freeway or highway 2.4 17.7 29.1 50.8 
Main road (reference) 2.1 17.2 31.1 49.6 
Others  4.6 28.5 28.8 38.0 
Speed limit (km/h)     
<50  1.2 16.8 34.8 47.2 
60-70 1.3 15.9 30.2 52.7 
80-90 1.7 16.4 28.6 53.4 
> 100 (reference) 4.4 21.3 28.8 45.5 
Not known 0.7 10.2 39.8 49.3 
Police attendance at crash scene     
Yes 2.6 19.6 27.9 49.8 
No/Unknown (reference) 0.1 4.8 43.7 51.4 
Crash Characteristics (continuous variables - mean and standard deviation) 
Percentage of heavy vehicles 17.9 (10.5) 13.8 (9.2) 12.6 (8.6) 11.8(7.9) 
Right shoulder 0.9 (1.0) 0.6 (1.0) 0.5 (0.9) 0.6 (0.9) 
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Heavy vehicles in this research included vehicles in several categories under the VicRoads 
classification scheme: prime mover only, prime mover (single trailer), prime mover (B-
double and B-triple), prime mover (number of trailers unknown), light commercial vehicle 
(rigid < 4.5 tonnes), heavy vehicle (rigid > 4.5 tonnes), and rigid truck (weight unknown). 
Note that buses and other types of heavy vehicles (machinery, farming, etc.) were not 
included in this study. On the other hand, road user in this study is included pedestrians, 
cyclists, motorcyclists and pillion, driver and passenger of passenger and heavy vehicle. 
 
According to the VicRoads classification, crash injury severity is classified into four 
categories: fatal injury (killed or died within 30 days), serious injury (sent to hospital, 
possibly admitted), other injury (typically requires medical treatment) and non-injury 
(property damage only (PDO). From 2006 to 2016, 20,957 people were involved in 8,486 
crashes involving heavy vehicles in Victoria. Of the 20,957 people involved, 480 (2.3%) 
were fatally injured, 3,697 (17.6%) suffered severe injury, 6,298 (30.1%) had minor injury 
and 10,482 (50.0%) experienced no injury.  
 
4.2.2 Multinomial Logit Model 
 
The summary of existing studies on multinomial logit model is presented in Section 2.2.1.3 
of Chapter 2. The dependent variable in this study is the road user injury severity in crashes 
involving heavy vehicles, which is classified into four categories in this research: fatal, severe 
injury, minor injury and non-injury. Considering the categorical nature of the dependent 
variable, the use of the multinomial logit regression model is appropriate. This model has 
been widely applied by previous researchers in road safety for modelling dependent variables 
with more than two outcomes (Khorashadi et al., 2005: Tay et al., 2011; Eluru, 2013; Ye and 
Lord, 2014; Wu et al. 2016). 
  
Let 𝑃𝑛(𝑖) be the probability of collision n ending in injury severity category i, then 
 
𝑃𝑛(𝑖) = 𝑃(𝛽𝑖𝑿𝑖𝑛 + 𝜀𝑖𝑛 ≥ 𝛽𝑗𝑿𝑗𝑛𝜀𝑗𝑛) ∀𝑗 𝜖 𝐼, 𝑗 ≠ 𝑖   (4.1) 
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where, 
𝑿𝑖𝑛 is a vector of measurable characteristics 
  𝛽𝑖is a vector of coefficients to be estimated  
  𝜀𝑖𝑛 is an error term accounting for unobserved effects influencing injury severity. 
 
If the error terms are assumed to be type 1 extreme value distribution (McFadden, 1981), then 
 
𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑿𝑖𝑛)
∑ exp𝑗 (𝛽𝑗𝑿𝑗𝑛)
          (4.2) 
 
In this study, crashes involving no injury were selected as the reference category for the 
dependent variable. Therefore, the estimated coefficients show the impacts of the 
contributing factors on fatal, severe and minor injury relative to the reference category (no 
injury). Although the traditional 95% level of confidence was used to select variables, some 
insignificant variables were retained in the model as long as it was statistically significant for 
at least one of the injury outcomes. This was done to facilitate the interpretation of the results 
(Kockelman and Kweon, 2002; Tay et al., 2008; Tay et al., 2009; Tay et al., 2011). In 
addition, the marginal effects of each independent variable were calculated to facilitate the 
interpretation of the results. The marginal effects provided estimates of the changes in the 
probabilities of the different injury outcomes due to a unit change in the independent 
variables.   
 
4.2.3  Mixed logit (Random parameter logit) models 
 
A summary of existing studies on the random parameter logit model is presented in Section 
2.2.1.5 of Chapter 2. Random parameters or mixed logit is applied to allow the possibility 
that the parameters may vary across observations (Washington et al., 2010). Some 
researchers have chosen to use the random coefficient logit or probit model to allow for 
heterogeneous effects and correlations in unobserved factors (Milton et al., 2008; Kim et al., 
2010; Anastasopoulos & Mannering, 2011; Tay, 2015). Random parameter models, 
especially the random parameter logit or mixed logit models, have increasingly been used in 
traffic safety studies to analyse both crash frequency and severity (Lord & Mannering 2010; 
Savolainen et al. 2011). To develop the mixed logit model, this study follows Milton et al., 
(2008) and starts with the severity function as below: 
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𝑌𝑖𝑛
∗ = 𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛                             (4.3) 
 
where,  
𝑌𝑖𝑛
∗  = is a linear function for determining the injury severity category i to road user n, 
𝛽𝑖  = a vector of estimated coefficients, 
𝑿𝑖𝑛 = a vector of explanatory variables, 
𝜀𝑖𝑛 = is an error term. 
 
If 𝜀𝑖𝑛 are assumed to be extreme value distributions, we have the standard multinomial logit 
model (McFadden, 1981). Let 𝑃𝑛(𝑖)  be the probability of injury severity category i for 
observation n. Then 
 
𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑿𝑖𝑛)
∑ exp𝐼 (𝛽𝑖𝑿𝑖𝑛)
                     (4.4) 
 
In the random parameter model, to let parameter (𝛽𝑖) vary across observations, a mixing 
distribution is introduced in this model (Train, 2003) and the resulting injury severity 
probalities are given by:  
 
𝑃𝑖𝑛 = ∫
𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]
∑ 𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]𝐼
𝑓(𝛽𝑖|𝜑)𝑑𝛽𝑖                 (4.5) 
 
where, 𝑓(𝛽𝑖|𝜑) is the density function of β and 𝜑 refers to a vector of parameters of the 
density function (mean and variance) and other terms are as previously defined.  
 
Equation 4.5 showed the mixed logit model. In the mixed logit model estimation, β can now 
account for observation-specific variations of the effect of 𝑿 on injury severity probabilities, 
with the density functions 𝑓(𝛽𝑖|𝜑) used to determine β.  
 
The random parameter model uses a weighted average for different values of β across 
observations where some elements of the parameter vector β may be fixed and some are 
randomly distributed. If any parameters are found to be random, then the mixed logit weight 
is determined by the density function. For the functional form of the density function, 
numerous distributions have been considered, such as normal, uniform and lognormal. In this 
study, the normal distributions were used as a density function in the mixed logit model. 
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Mixed logit models are usually estimated using the simulation of maximum likelihood with 
Halton draws (Train 1999; Bhat 2003). Nevertheless, preliminary analysis in this study using 
the random parameter multinomial logit model found no statistically significant estimate of 
the variance for any of the coefficients of the explanatory variables considered. 
 
4.3. Results and Discussion 
 
The results of the estimated model are summarised in Table 4.2. In general, the model fitted 
the data well, based on the very large chi-square statistic for goodness-of-fit. In addition, to 
facilitate the interpretation of the results, the marginal effects of each independent variable on 
the probability of the different injury severity levels were calculated and the results are 
reported in Table 4.3. In addition to the variables shown in Table 4.1, several other 
neighbourhood socio-demographic variables were included in the preliminary analyses but 
were found to be statistically insignificant such as income, level of education (secondary 
school or lower and other type educational institution) and occupations ( managers, technical 
and trade, communication and personal, machine operator and labourers). 
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Table 4.2: Multinomial logit estimates of occupant injury severity 
Log-likelihood                                                                                                         -18214.0  
Restricted Log-likelihood                                                                                        -23060.6
Chi-Square                                                                                                                                          9693.1
p-value <0.0001  
 Fatal Injury Severe Injury Minor Injury 
Variables Coefficient Std. Err. Coefficient Std. Err. Coefficient Std. Err. 
Constant -9.537*** 0.873 -4.770*** 0.328 -2.098*** 0.252 
Occupants' Residence Neighbourhood Characteristics 
Education (%)       
University -0.019** 0.008 -0.016*** 0.003 -0.007*** 0.002 
Technical 0.069** 0.029 -0.023* 0.013   0.007 0.011 
Birthplace (%)       
Overseas  0.006 0.007 0.017*** 0.003   0.006** 0.003 
Australia  0.006 0.005 0.008*** 0.003   0.004* 0.002 
Occupation (%)       
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Sales -0.066** 0.032 -0.058*** 0.015  -0.005 0.013 
Clerical and administrative  -0.019 0.023 0.019* 0.010  -0.018** 0.009 
Crash Location Neighbourhood Characteristics 
Birthplace (%)       
Australia -0.012*** 0.004 -0.001 0.002 -0.002* 0.001 
Occupation (%)       
Professional 0.030*** 0.007 0.023*** 0.003 0.019*** 0.003 
Sales 0.085*** 0.031 -0.024* 0.014 -0.007 0.011 
English language speaking proficiency 
(%) 
 
 
 
 
 
 
Not well or not at all -0.001 0.009 0.016*** 0.004  0.012*** 0.003 
Crash Characteristics (categorical variables) 
Road user gender       
Female   1.143*** 0.125 1.432*** 0.053 1.420*** 0.043 
Road user age (years)       
16-24   -0.037 0.238 0.536*** 0.107 0.483*** 0.084 
25-44   -0.203 0.215 0.393*** 0.097 0.348*** 0.075 
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45-64 0.193 0.214 0.580*** 0.099 0.377*** 0.077 
65+ 1.728*** 0.233 1.727*** 0.116 1.072*** 0.098 
Driving licence       
Overseas 0.631 0.750 0.803*** 0.269 0.699*** 0.224 
Ejected from vehicle       
Yes 5.562*** 0.234 4.521*** 0.199 3.024*** 0.201 
Safety restraint use       
No worn 1.774*** 0.214 1.008*** 0.144 0.390*** 0.140 
Not fitted/appropriate 1.919*** 0.196 1.042*** 0.108 0.651*** 0.097 
Type of vehicle       
Passenger car -0.375** 0.157 0.224*** 0.066 0.431*** 0.053 
Vehicle age       
New 0.101 0.125   -0.098* 0.052 0.111*** 0.042 
Number of vehicles       
One 1.726*** 0.305 2.824*** 0.150 2.768*** 0.127 
Two 0.585*** 0.143 0.763*** 0.056 0.897*** 0.045 
Vehicle damage       
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Moderate (driveable) -0.196 0.347 0.406*** 0.095  0.581*** 0.064 
Moderate (towed) 0.900*** 0.229 0.831*** 0.084 0.939*** 0.064 
Major (towed) 1.183*** 0.218 1.635*** 0.079 1.324*** 0.065 
Extensive (unrepairable) 3.116*** 0.185 2.317*** 0.087 1.506*** 0.076 
Vehicle weight       
> 12 -0.473*** 0.170 0.172*** 0.063 0.216*** 0.051 
12-20  0.031 0.252 -0.092 0.117 -0.269*** 0.097 
Vehicle manoeuver       
Turning right  -0.159 0.217 -0.171** 0.087  -0.149** 0.071 
Slow stopping -0.076 0.441 -0.284** 0.126  -0.005 0.083 
Initial point of impact       
Right front door and panel -0.084 0.169 0.153** 0.075  -0.013 0.064 
Right rear door and panel -0.741** 0.331 -0.214** 0.105  -0.060 0.080 
Collision classification       
Head 0.991*** 0.181  0.130 0.095  -0.180** 0.085 
Angle  0.394** 0.158  0.122* 0.069  -0.101* 0.058 
Rear end -0.605*** 0.200 -0.001 0.070   0.006 0.052 
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Type of Collision       
Collision with vehicle 1.031*** 0.380 -0.016 0.144  -0.160 0.114 
Collision with fixed object 1.376*** 0.357   0.051 0.147 | 0.082 0.130 
Collision with pedestrian 1.810*** 0.409 -1.045*** 0.171 -1.954*** 0.156 
Light conditions       
Dark, lighted 0.606** 0.255  0.092 0.102  -0.117 0.089 
Dark, not lighted 0.445* 0.240 -0.095 0.118  -0.215** 0.108 
Time of day       
Morning peak -0.077 0.230 -0.589*** 0.096 -0.144* 0.081 
Off-peak -0.045 0.222 -0.463*** 0.091 -0.146* 0.078 
Afternoon peak -0.185 0.218 -0.388*** 0.090 -0.225*** 0.077 
Season       
Spring -0.050 0.120 -0.011 0.051 -0.117*** 0.042 
Location       
Metropolitan -0.460** 0.192 -0.270*** 0.079  -0.088 0.065 
Road classification       
Freeway -0.292**        0.120     0.018 0.050  -0.008 0.041 
 52 
 
Speed limit (km/h)       
60-70  -0.377*** 0.139 -0.054 0.052 -0.046 0.042 
Police attendance       
Yes 2.535*** 0.590 1.039*** 0.102 -0.609*** 0.053 
Crash Characteristics (continuous variables) 
Percentage of heavy vehicles 0.032*** 0.007 0.009*** 0.003  0.007** 0.003 
Right shoulder width (m) 0.177*** 0.061 -0.024 0.028 -0.067*** 0.023 
Note: ***, **, * denote statistically significant at α = 1%, 5%, 10% levels            
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Table 4.3: Marginal effects for occupant injury severity 
Variable Fatal Severe Minor  PDO 
Road User Residency Neighbourhood Characteristics 
Education (%)     
University -0.0002 -0.0014 -0.0003 0.0018 
Technical  0.0015 -0.0038  0.0022 0.0001 
Birthplace (%)     
Overseas -0.0001  0.0017  0.0001 -0.0017 
Australia  0.0000  0.0008  0.0001 -0.0009 
Occupation (%)     
Sales -0.0008  -0.0063 0.0030  0.0040 
Clerical and administrative  -0.0004  0.0035 -0.0043 0.0012 
Crash Location Neighbourhood Characteristics 
Birthplace (%)     
Australia -0.0002  0.0001 -0.0003 0.0004 
Occupation (%)     
Professional  0.0003  0.0015| 0.0018 -0.0036 
Sales  0.0019 -0.0031 -0.0004 0.0016 
English language speaking proficiency 
(%) 
    
Not well or not at all   -0.0002 0.0012 0.0012 -0.0022 
Crash Characteristics (categorical variables) 
Road user gender     
Female 0.0024 0.0802 0.1636 -0.2462 
Road user age (years)     
16-24 -0.0077 0.0367 0.0551 -0.0841 
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25-44 -0.0090 0.0288 0.0402 -0.0600 
45-64 -0.0031 0.0466 0.0320 -0.0755 
65+ 0.0131 0.1323 0.0800 -0.2254 
Driving licence     
Overseas 0.0017 0.0509 0.0743 -0.1269 
Ejected from vehicle     
Yes 0.0528 0.3248 0.2429 -0.6206 
Safety restraint use     
No worn 0.0235 0.0852 0.0001 -0.1088 
Not fitted/appropriate 0.0246 0.0725 0.0442 -0.1413 
Type of vehicle     
Passenger car -0.0113 0.0046 0.0662 -0.0594 
Vehicle age     
New 0.0021 -0.0194  0.0253 -0.0080 
Number of vehicles     
One -0.0052 0.1645 0.3196 -0.4788 
Two 0.0000 0.0345 0.1126 -0.1471 
Vehicle damage     
Moderate (driveable) -0.0102  0.0163  0.0813 -0.0874 
Moderate (towed) 0.0053 0.0378 0.1142 -0.1573 
Major  (towed) 0.0020  0.1104 0.1338 -0.2463 
Extensive (unrepairable) 0.0324  0.1669  0.1151 -0.3145 
Vehicle weight     
> 12 -0.0116  0.0120 0.0311 -0.0314 
12-20 0.0028  0.0047 -0.0431  0.0356 
Vehicle manoeuvre     
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Turning right  -0.0008 -0.0107 -0.0156 0.0271 
Slow stopping  0.0009 -0.0337 0.0166 0.0162 
Initial point of impact     
Right front door and panel -0.0028  0.0201 -0.0110 -0.0063 
Right rear door and panel  -0.0121 -0.0165  0.0062 0.0224 
Collision classification     
Head  0.0189 0.0186 -0.0457 0.0082 
Angle  0.0071 0.0177 -0.0277 0.0029 
Rear end -0.0116 0.0045 0.0045 0.0026 
Type of collision     
Collision with vehicle  0.0207 -0.0008 -0.0334 0.0135 
Collision with fixed object 0.0254 -0.0099  0.0042 -0.0196 
Collision with pedestrian 0.0538 -0.0250 -0.2992 0.2704 
Light conditions     
Dark, lighted  0.0115 0.0133 -0.0299 0.0052 
Dark, not lighted  0.0105 -0.0024 -0.0354 0.0273 
Time of day     
Morning peak  0.0041 -0.0626 0.0098 0.0486 
Off-peak  0.0037 -0.0473 0.0018 0.0419 
Afternoon peak  0.0009 -0.0324 -0.0161 0.0477 
Season     
Spring -0.0002  0.0061 -0.0202 0.0143 
Location     
Metropolitan -0.0061 -0.0239 0.0028  0.0272 
Road classification     
Freeway -0.0057  0.0051 -0.0010  0.0016 
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Speed limit (km/h)     
60-70  -0.0065 -0.0007 -0.0031 0.0103 
Police attendance     
Yes  0.0433 0.1426 -0.1858 -0.0001 
Crash Characteristics (continuous variables) 
Percentage of heavy vehicles 0.0005  0.0004  0.0006 -0.0015 
Right shoulder width (m) 0.0040  -0.0004 -0.0116  0.0081 
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4.3.1 Road Users' Residential Neighbourhood Characteristics 
 
As shown in Table 4.3, road users residing in neighbourhoods with a higher proportion of 
people with university education were less likely to be associated with fatal, severe or minor 
injury outcomes compared to the non-injury outcome. If residential neighbourhood 
characteristics are indicative of road user characteristics, then an increase in education is 
associated with a decrease in crash severity. This result is consistent with the results of 
previous studies (Factor et al., 2008; Licaj et al., 2011; Spoerri et al., 2011). One possible 
explanation may be the increase in the demand for health and safety by people with higher 
education and income. On the other hand, road users living in neighbourhoods with a higher 
proportion of people with technical education are less likely to experience severe injuries but 
more likely to experience fatal or minor injuries compared to non-injuries. 
 
Road users living in neighbourhoods with a higher percentage of people born in Australia are 
more likely to suffer fatal, serious and minor injuries rather than not suffering any injury at 
all. This result may  partly be explained by the risk compensation hypothesis. For example, 
Yanko and Spalek (2013) found that route familiarity led to more inattention, and 
Rosenbloom et al. (2007) found that drivers committed more violations and exhibited more 
dangerous behaviours in well-known locations than less known locations. On the other hand, 
road users from neighbourhoods with a higher percentage of people born overseas were more 
likely to suffer fatal injury or no injury rather than serious or minor injury. Compared to 
Australia, some countries may have a better driving culture and road safety record, whereas 
others might have a worse driving culture and road safety record. 
 
Interestingly, the occupations of people in the neighbourhood where the road users lived and 
where the crash occurred are found to be correlated with injury severity. Road users residing 
in neighbourhoods with a higher proportion of people working in sales are associated with 
less severe injury (minor and non-injury) rather than severe injury (fatal and serious injury), 
while a higher proportion of clerical and administrative staff has a non-linear or mixed effect.  
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4.3.2 Crash Location Neighbourhood Characteristics 
 
Crashes occurring in neighbourhoods with a higher proportion of people born in Australia are 
associated with lower probabilities of fatal and minor injury outcomes compared to the non-
injury outcome. Similarly, crashes occurring in neighbourhoods with a higher proportion of 
people not speaking English well or not speaking English at all when they arrived in 
Australia are also found to have a mixed effect on injury severity. Hence, being born in 
Australia appears to be a significant factor, but its effect on safety is rather complex. 
Therefore, more research should be conducted to better understand this influence on road 
safety. 
 
Crashes occurring in neighbourhoods with a higher proportion of professionals are associated 
with higher likelihoods of severe injuries (fatal and serious injuries) rather than less severe 
injuries (minor or non-injuries), while the proportion of sales people has a mixed effect. The 
former result was a little surprising because of the higher expected income of professionals 
and thus a higher demand for safety and better access to health care and emergency services 
in these neighbourhoods.  
 
4.3.3 Control variables 
 
Consistent with previous studies (Sivak et al., 2010; Chen and Chen, 2011), female road 
users, relative to male road users, are more likely to suffer injury (fatal, serious or minor) 
than not be injured. As expected, compared to children, young and middle-aged adults have 
lower likelihood of fatal or non-injury and a higher likelihood of serious or minor injuries, 
whereas ageing road users have  a higher likelihood of injuries (fatal, serious or minor) rather 
than suffering no injury. Similarly, as expected, drivers with an overseas license tend to 
suffer injury in collisions involving heavy vehicles. Consistent with the literature (Al-
Ghamdi, 2003; Chang and Chien, 2013; Lee and Li, 2014), this study found that occupants 
who do not wear a restraint, wear improperly fitted safety restraints, or are ejected from the 
vehicle are more likely to suffer injuries in a traffic collision.  
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As expected, compared to vehicles with minor or no damage, vehicles with moderate 
(towed), major and extensive damage are associated more with injury outcomes (fatal, serious 
and minor injury) rather than the non-injury outcome. Compared to three or more vehicle 
crashes, two-vehicle crashes are more likely to result in injury outcomes, but the effect of 
single-vehicle crashes is mixed. Similarly, compared to a rear impact, impact on the right rear 
door is associated with a lower likelihood of fatal or serious injury, while the effect of an 
impact on the right front is mixed. Likewise, the effects of the type of vehicle, vehicle age 
and vehicle weight are also mixed.  
  
Compared to run-off-road crashes, head-on crashes and angle-crashes involving heavy 
vehicles are more likely to result in fatal and serious injury rather than no injury, due to the 
larger size and mass. These findings are similar to the results of previous studies (Smith, 
2000; Ouyang et al., 2002; Zhu and Srinivasan, 2011a; Chu, 2012; Lee and Li, 2014; Islam, 
2015). Relative to going-straight vehicle movement, turning right is  associated with a lower 
likelihood of fatal or serious injuries due to the lower speed involved when executing this 
movement. Although the types of collisions are statistically significant, their effects on injury 
severity are mixed.  
 
As expected, crashes occurring on roads with a speed limit of 60 or 70 km/h are less likely to 
result in injury (fatal, serious injury or minor injury) compared to crashes occurring on roads 
with a 100 km/h or higher speed limit. Likewise, crashes occurring in metropolitan 
Melbourne are associated more with lower injury severity (minor injury or non-injury) 
outcomes. On the other hand, crashes on roads with a higher proportion of heavy vehicle 
traffic are associated with higher likelihood of injury outcomes (fatal, serious injury and 
minor injury) rather than a non-injury outcome.  
 
Although most of the temporal influences are statistically significant, their effects on injury 
severity are mixed. As expected, compared to crashes not attended by the police, crashes 
attended by the police are associated more with severe injuries (fatal or serious injury), 
because police are more likely to attend a crash scene if the crash is severe. 
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4.4 Conclusions 
  
The safety of road users in crashes involving heavy vehicles has drawn considerable attention 
from transport agencies and the health sector. Heavy vehicles have many unique operating 
characteristics, such as poor deceleration and stopping capabilities, high rigidity, and greater 
mass compared to passenger cars. These characteristics partly contribute to their over-
representation in traffic fatalities and serious injuries. Previous studies of heavy vehicle 
crashes have focused on the standard vehicle, user, collision, temporal, and roadway 
characteristics available in most police reports. However, the socio-demographic 
characteristics of the neighbourhoods where the road users reside and where crashes occur 
are also expected to contribute significantly to road-user injury severity in collisions 
involving heavy vehicles.  
 
This study examined factors contributing to road user injury severity in vehicle collisions 
involving heavy vehicles in Victoria, Australia. Several neighbourhood socio-demographic 
characteristics are found to be significant in determining injury severity. In terms of the 
neighbourhood characteristics of the crash location, crashes occurring in neighbourhoods 
with a higher proportion of professionals are  associated with a higher likelihood of severe 
injuries (fatal and serious injuries)  than less severe injuries (minor or non-injuries), while the 
proportions of sales people and people born in Australia have mixed effects. 
 
Therefore, transport authorities and road safety professionals should target any location- 
specific treatments in neighbourhoods with a lower proportion of people with university 
education, working in the sales sector or born in Australia. Some examples of location- (site, 
corridor or area) specific treatments include traffic calming, lowering speed limits, speed 
monitoring and display, roadside safety messaging, and traffic law enforcement. It is 
important to emphasise that these neighbourhood socio-demographic characteristics should 
be used as a supplement to the information provided by the standard collision hotspot 
analysis. 
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With respect to road users’ residential neighbourhoods, we found that road users residing in 
neighbourhoods with a higher proportion of people with university education or a higher 
proportion of people working in sales are less likely to be associated with injury outcomes 
compared to the non-injury outcome. On the other hand, road users residing in 
neighbourhoods with a higher percentage of people born in Australia are  more likely to 
suffer injuries than not suffer any injury at all. On the other hand, the effects of technical 
education, the percentage of people born overseas, and the percentage of people working as 
clerical and administrative staff are mixed. 
 
To improve heavy vehicle safety, transport authorities, road safety professionals and fleet 
managers, and occupational safety officers in the trucking industry should consider targeting 
road safety education programs in neighbourhoods with a lower proportion of people with 
university education, a lower proportion of people working in sales, and a higher proportion 
of people born in Australia. Education and training campaigns targeted at heavy vehicle 
drivers that highlight the safety of other road users, especially passenger vehicles and 
pedestrians, should be considered. Safety campaigns to increase the installation and use of 
safety restraints should also be considered. 
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Chapter 5 Injury severity in angle crashes involving heavy vehicles 
 
5.1 Introduction 
 
Heavy vehicles contribute significantly to many developed economies, including Australia, 
because they are a major means of transporting goods within these countries. In Australia, for 
example, over 75 per cent of the non-bulk domestic freight is carried on roads, dominating 
freight between large cities, and it is predicted that truck traffic will increase by around 50 
percent by 2030 (DIRE, 2014). In addition, activities involving heavy vehicles are projected 
to double from 2000 to 2020 as a result of the transportation of goods in Australia (Manders, 
2006). The increasingly high share of truck traffic has generated some safety concerns 
because the probability of a traffic collision increases by five per cent when the percentage of 
heavy vehicles is more than 30 per cent of the total traffic volume (Moridpour et al., 2015). 
Moreover, the likelihood of a severe outcome (fatality or serious injury) is much higher when 
a heavy vehicle is involved in a traffic collision.  
  
In Australia, approximately 11 traffic fatalities involving articulated trucks and 7 road 
fatalities involving rigid trucks occurred per month between 2009 and 2013 (Austroads, 
2015). Articulated vehicle is a vehicle with two or more units attached either permanently or 
in a removable manner that is able to rotate around the coupling points (Austroads, 2015). 
Furthermore, the number of road fatalities resulting from heavy rigid truck crashes increased 
by 8.5% each year between 2012 and 2014 (BITRE, 2014). Although heavy vehicles 
comprise approximately three per cent of the total registered vehicles and eight per cent of 
the vehicle-kilometres travelled, this vehicle type is involved in 18 per cent of all road 
fatalities (ATC, 2011).  
 
The primary objective of this research is to identify factors contributing to occupants’ injury 
severity in crashes involving at least one heavy vehicle. Specifically, two-vehicle angle 
crashes in the State of Victoria are analysed using three logistic regression models. This study 
will contribute to advancing knowledge in this field because little or no research has been 
done on understanding angle crashes involving heavy vehicles. In addition, this study 
compares the binary logistic, skewed logistic, and mixed logit models to check the robustness 
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of the results and to compare their relative performance when applied to data that are 
moderately skewed. 
 
The remainder of this chapter is organised as follows. In the next section, the data used in this 
research and the estimation model are presented. The results are discussed in Section 5.3, and 
the last section provides the concluding remarks. 
 
5.2 Methods 
 
5.2.1 Data  
 
The primary data used in this study were provided by VicRoads and contained information on 
all police-reported collisions in Victoria, Australia. It included information on environmental, 
temporal, road user, roadway and vehicle characteristics. This study focuses on two-vehicle 
angle collisions involving at least one heavy vehicle. Heavy vehicles in this research include 
vehicles in several categories in the VicRoads classification scheme: prime mover only, 
prime mover (single trailer), prime mover (B-double and B-triple), prime mover (number of 
trailers unknown), light commercial vehicle (rigid<= 4.5 tonnes), heavy vehicle (rigid > 4.5 
tonnes), and rigid truck (weight unknown). Note that buses and other types of heavy vehicles 
(machinery, farm equipment, etc.) were not included in this study.   
 
According to the VicRoads classification, crash injury severity is classified into four 
categories: fatal injury (killed or died within 30 days; serious injury (sent to hospital, possibly 
admitted); other injury (typically requires medical treatment); and non-injury. From 2006 to 
2016, 3675 people were involved in two-vehicle angle collisions involving at least one heavy 
vehicle in Victoria, Australia. Of the 3675 persons involved, 107 (2.9%) were fatally injured, 
759 (20.7%) were seriously injured, 1085 (29.5%) had minor injuries, and 1724 (46.9%) had 
no injury. In this study, fatal and serious injuries were combined into a severe injury category 
because of the very small number of fatal injuries. In addition, other injury and non-injury 
were combined into a minor injury category because of their substantially lower average 
social cost. In the final sample, severe injury comprised 23.6% and minor injury comprised 
76.4%.  
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In addition to the crash data from VicRoads, information on traffic volume and road features 
(e.g. road division marking) were extracted from the Australian Urban Research 
Infrastructure Network (AURIN). The variables used in estimating the final model are 
summarized in Table 5.1. According to the VicRoads user guide for the crash data (Vicroads, 
2008), an accident within 10 metres of an intersection, or on freeway interchanges and 
overpass roads, is considered as a collision at an intersection. It should be noted that 
highways and freeways in Victoria include many high speed limit roads without limited 
access.  
  
Table 5.1: Summary of variables by injury severity 
Variables Severe Injury Minor Injury 
Occupant gender    
   Male (reference) 59.9 76.6 
   Female 38.7 22.0 
   Unknown 1.4 1.4 
Occupant age (years)   
0-15 (reference) 5.4 7.4 
16-24 19.7 15.5 
25-44 31.3 37.7 
45-64 23.6 30.4 
65+ 18.0 7.7 
Unknown 2.0 1.3 
Safety restraint    
Yes (reference) 73.3 72.1 
No 5.0 1.5 
Other 2.5 2.4 
Unknown 19.2 24.0 
Ejected    
Yes  12.0 1.9 
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No/unknown (reference) 88.0 98.1 
Vehicle Type    
Heavy vehicle 25.4 43.8 
Passenger vehicle (reference) 40.1 24.0 
Motorcycle 6.2 1.1 
Other vehicle 28.3 31.1 
Number of occupants   
   One 60.7 57.6 
   Two 10.0 10.9 
   Three and more (reference) 5.1 4.0 
   Unknown 24.2 27.5 
Vehicle age   
New (made in 1980 or later) 73.2 70.2 
Old (made before 1980) (reference) 26.8 29.8 
Fire   
Yes 1.6 0.1 
No/Not known (reference) 98.4 99.9 
Point of impact    
Front (reference) 30.0 26.9 
Right front door and panel 21.4 15.0 
Right rear door and panel 4.0 5.8 
Left front door and panel 12.5 13.4 
Left rear door and panel 3.9 5.8 
Others /Unknown 28.2 33.1 
Vehicle damage    
   Minor (reference) 12.0 34.4 
   Moderate (vehicle towed) 12.0 12.6 
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   Major  (unit towed away) 20.7 13.8 
   Extensive (unrepairable) 30.5 9.9 
   Unknown 24.8 29.3 
Vehicle manoeuvre  prior to crash   
Going straight (reference) 49.1 43.5 
Turning right 20.7 21.4 
Turning left 2.3 3.3 
Others/Not known 27.9 31.8 
Speed limit (km/h)   
<50 (reference) 8.1 13.7 
60-79 38.2 47.8 
80-99 24.8 21.6 
> 100  27.7 15.0 
Not known 1.2 1.9 
Road classification    
Freeway or highway 39.3 39.4 
Main road  57.7 59.1 
Other road (reference) 3.0 1.5 
Time of day    
   Morning peak 20.0 24.5 
   Non-peak (reference) 40.5 39.7 
   Evening peak 21.1 20.9 
   Night 18.4 14.9 
Police attendance at crash scene   
Yes 98.3 90.0 
No/Unknown (reference) 1.7 10.0 
Type of intersection   
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   4-legged 50.1 46.2 
   3-legged (reference) 36.5 38.9 
   Others 13.4 14.9 
Number of lanes   
   1-2 (reference) 68.6 63.9 
   3-4 29.3 34.5 
   5-6 2.0 1.6 
Road division marking   
   Divided double  9.4 11.4 
   Single divided (reference) 13.5 13.5 
   Not divided 44.0 43.6 
   Others 33.1 31.5 
 
In addition to the variables shown in Table 5.1, several other variables were included in the 
preliminary analyses but were found to be statistically insignificant at the 90% confidence 
level. The insignificant variables included the state where the driver's license was issued, road 
surface and weather conditions, season of the year, day of the week, number of people 
involved in the collision, light conditions, special road facilities, type of traffic control 
device, vehicle weight, road shoulder width, percentage of heavy vehicles and average annual 
daily traffic volume (AADT). 
 
5.2.2 Binary Logit Model 
 
A summary of existing studies on the binary logit model is presented in Section 2.2.2.1 of 
Chapter 2. The dependent variable in this study is the injury severity of vehicle occupants 
involved in two-vehicle angle crashes that include at least one heavy vehicle. It is classified 
into two categories in this research: severe injury and minor injury. Considering the nature of 
the dependent variable, the use of the binary logit regression model is considered to be 
appropriate. This model has been widely applied by previous researchers in road safety for 
modelling a dependent variable with a dichotomous outcome (Anowar et al., 2013; Johnson 
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et al., 2011; Rifaat et al., 2009, 2011; Tay et al., 2008, 2009; Tay & Choi, 2016; Weng & 
Meng, 2014). 
 
In this study, the binary response variable, 𝑦𝑖𝑛, is defined as: 
 
𝑦𝑖𝑛 = {
1,   if crash occupant n experiences a severe injury   
0,   if crash occupant n experiences a minor injury    
   (5.1) 
 
Let Pn (i) and 1- Pn (i) denote the probability of crash n being a severe injury and minor injury 
crash, respectively. McFadden (1981) shows that under the standard logistic distribution, the 
closed form solution of the probabilities are: 
 𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑥𝑖𝑛)
1+exp (𝛽0+𝛽𝑖𝑥𝑖)
                                                         (5.2) 
 where,  
 𝑥𝑖𝑛is a vector of measurable characteristics that determine outcome i,  
 𝛽𝑖 is a vector of estimable parameters. 
 
The best estimate of β can be obtained by maximising the log-likelihood function: 
 
𝐿𝐿(𝛽) = ∑ {𝑦𝑖𝑛 ln( 𝑃𝑛(i)) + (1 − 𝑦𝑖𝑛)ln (1 − 𝑃𝑛(i))}
𝑛
𝑖=1                              (5.3) 
 
5.2.3 Skewed Logistic (Scobit) Models 
 
The skewed logistic model has been applied by a previous researcher in road safety for 
modelling a dependent variable when the assumption of symmetry is violated (Tay, 2016). 
Let 𝑌𝑛
∗ be the latent injury level of person n that is unobserved and continuous and can be 
specified as: 
 𝑌𝑖𝑛
∗ =𝑋𝑖𝑛 𝛽 + 𝑢𝑖𝑛                                                                                                                (5.4) 
 
where,  
 𝛽  = a vector of coefficients for explanatory variables,  
𝑋𝑖𝑛= a vector of explanatory variables associated with person n , 
𝑢𝑖𝑛 = a random disturbance term.  
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Although the latent injury category could be assumed to be continuous in theory, in practice, 
the injury severity level of road users tends to be recorded using fairly general and ordinal 
categories. The dependent variable in this study is the occupant injury severity, which is 
classified into two categories in this research: severe injury and minor injury.  
 
𝑌𝑖𝑛 = {
= 1 if person 𝑛 has a severe injury
= 0 if person 𝑛 has a minor injury
                   (5.5) 
    
If we assume that: 
 
𝑌𝑖𝑛 = {
= 1 if 𝑌𝑖𝑛
∗ > 0
 = 0 otherwise
   (5.6) 
 
 
Then the probability of road user n suffering a severe injury is given by: 
 
𝑃𝑖𝑛 = 𝑝𝑟𝑜𝑏( 𝑋𝑖𝑛 𝛽+> 0)    
𝑃𝑖𝑛 = 𝑝𝑟𝑜𝑏( 𝑢𝑖𝑛 𝛽 > (𝑋𝑖𝑛 𝛽)                                   
𝑃𝑖𝑛 = 1 − 𝐹(−𝑋𝑖𝑛 𝛽)    (5.7)                               
 
where, F is the cumulative density function of 𝑢.  
If we assume that 𝑢 has a Burr-10 distribution, then we have the skewed logistic or Scobit 
model (Nagler, 1994): 
 
𝐹(𝑧; 𝛼) =
1
(1+𝑒−𝑧)𝛼
    (5.8) 
                                                                                                                                                                                                                                    
where, 
 𝑧𝑖 = 𝑋𝑖 𝛽.  
Note that if 𝛼 = 1, then the Burr-10 distribution is equivalent to the logistic distribution and 
the scobit model is reduced to the standard binary logistic model. Hence, the additional scale 
parameter, serves as a measure of skewness (Nagler, 1994). 
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5.2.4 Mixed logit (Random parameter logit) models  
 
A summary of existing studies on random parameter logit model is presented in Section 
2.2.1.5 of Chapter 2. Mixed logit (random parameters) has been applied to allow the 
possibility that the parameters may vary across observations (Washington et al., 2010). Some 
researchers have chosen to use the random coefficient logit or probit model to allow for 
heterogeneous effects and correlations in unobserved factors (Anastasopoulos & Mannering, 
2011; Kim et al., 2010; Milton et al., 2008; Tay, 2015). The mixed logit model was 
developed by Milton et al., (2008) and starts with the severity function as below: 
 
𝑌𝑖𝑛
∗ = 𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛                    (5.9) 
  
Where,  
𝑌𝑖𝑛
∗   = is a linear function for determining the injury severity category i to occupants n 
𝛽𝑖   = a vector of estimated coefficients 
𝑿𝑖𝑛 = a vector of explanatory variables 
𝜀𝑖𝑛  = an error term 
 
If 𝜀𝑖𝑛 are assumed to be extreme value distributions, we have the standard multinomial logit 
model (McFadden, 1981). Let 𝑃𝑛(𝑖)  be the probability of injury severity category i for 
observation n. Then 
 
𝑃𝑛(𝑖) =
exp (𝛽𝑖𝑿𝑖𝑛)
∑ exp𝐼 (𝛽𝑖𝑿𝑖𝑛)
     (5.10) 
 
In the random parameter model, to let parameter (𝛽𝑖) vary across observations, a mixing 
distribution is introduced in this model (Train, 2003) and the resulting injury severity 
probalities are given by:  
  
𝑃𝑖𝑛 = ∫
𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]
∑ 𝑒𝑥𝑝[𝛽𝑖𝑋𝑖𝑛]𝐼
𝑓(𝛽𝑖|𝜑)𝑑𝛽𝑖     (5.11) 
 
where, 𝑓(𝛽𝑖|𝜑) is the density function of  β and 𝜑 refers to a vector of parameters of the 
density function (mean and variance) and other terms are as previously defined.  
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Equation (5.11) shows the mixed logit model. In the mixed logit model estimation, β can now 
account for observation-specific variations of the effect of 𝑿 on injury severity probabilities, 
with the density functions 𝑓(𝛽𝑖|𝜑) used to determine β.  
 
The random parameter model uses a weighted average for different values of β across 
observations where some elements of the parameter vector β may be fixed and some are 
randomly distributed. If any parameters are found to be random, then the mixed logit weight 
is determined by the density function. For the functional form of the density function, 
numerous distributions have been considered, such as normal, uniform and lognormal. Mixed 
logit models are usually estimated using the simulation of maximum likelihood with Halton 
draws (Bhat 2003; Train 1999). 
 
In this study, normal and uniform distributions were used as a density function in the mixed 
logit model. Although the normal distribution had been widely used in road safety research, 
Hensher and Greene (2003) and Train (2003) suggest that the normal distribution should be 
used for continuous variables, while the uniform distribution should be used for dummy or 
binary variables. However, neither study provided any examples or empirical evidence to 
support this recommendation. Hence, the present study provides an example to explore this 
recommendation.  
 
It should be noted that although the mixed logit was formulated for multinomial responses, it 
can also be used for binary responses. The binary logit, skewed logit and mixed logit models 
were estimated using NLogit version 5.  
 
5.3 Results and Discussion 
 
The estimation results of the four models are summarized in Table 2. In terms of the models' 
goodness-of-fit, the lower Akaike information criterion (AIC) value for the scobit model 
implies that it fits the data better than the standard binary logit and mixed logit models. This 
result was expected, partly because of the potential violation of the symmetry assumption due 
to the imbalance in the dependent variable. This inference was supported by the significant 
skewness estimated in the scobit model. In addition, in the mixed logit model, uniform 
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distribution performed slightly better than a normal distribution, as suggested by Hensher and 
Greene (2003) and Train (2003).  
 
Overall, the results show similar signs and magnitudes for most of the estimated coefficients 
across the three models. Nevertheless, there are some minor differences among the models. 
Most of the variables are statistically significant in all models, except the number of lanes (5-
6 lanes), which is not significant in the scobit and mixed logit model, and the cross 
intersection and road division marking (not divided) variables are not statistically significant 
in the scobit model. Therefore, the discussion of the results in the rest of this section is based 
on statistically-significant variables with similar signs and magnitudes of estimated 
coefficients across the three models, especially for the mixed logit and skewed logit models, 
since they performed better than the standard logit model. 
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Table 5.2: Estimates for standard logistic, skewed logistic and mixed logit models 
 Standard Logistic Skewed Logistic Mixed Logit (normal distribution) Mixed Logit (uniform) 
Observation 3675 3675 3675 3675 
Log-likelihood function -1622.97 -1620.85 -1604.30 -1604.00 
AIC 3297.9 3295.7 3312.6 3312.0 
Variable Coeff. S.E. Coeff. S.E Coeff. S.E. Scale S.E. Coeff. S.E. Scale S.E. 
Occupant Gender             
     Female 0.823*** 0.095 0.625*** 0.115 0.688*** .09443 2.129*** 0.139 0.845*** 0.108 4.559 0.273 
Occupant Age             
    16-24 0.329*** 0.116 0.246* 0.095 0.148 0.115 1.653*** 0.159 0.309** 0.124 2.544 0.282      
    65+ 1.017*** 0.132 0.782*** 0.148 0.986*** 0.134 2.211*** 0.210 1.244*** 0.155 4.971 0.401     
Safety restraint             
    No  1.135*** 0.269 0.856*** 0.259 1.396*** 0.268 - - 1.714***       0.291      - - 
Ejected             
    Yes  2.148*** 0.222 1.689*** 0.267 2.675*** 0.229 1.688*** 0.313 3.373*** 0.267     2.688***       0.561      
Vehicle type             
    Motorcycle 0.880*** 0.308 0.757*** 0.244 1.421*** 0.342 3.566*** 0.596 2.082*** 0.448 10.177*** 1.299      
    Heavy vehicle -0.417*** 0.131 -0.321*** 0.105 -0.616*** 0.118 0.283*** 0.105 -0.792*** 0.134 - - 
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Number of occupants             
    One  0.587*** 0.125 0.447*** 0.113 0.656*** 0.117 0.688*** 0.080 0.843*** 0.132      0.420*** 0.151 
Vehicle age             
     New -0.476*** 0.160 -0.322** 0.133 -0.508*** 0.150 0.474*** 0.072 -0.712***       0.169     2.718***       0.170     
Fire             
    Yes 1.309** 0.613 1.111* 0.606 1.794*** 0.658 - - 2.110***       0.716      - - 
Point of impact             
    Right front door 0.300** 0.120 0.231**   0.095 0.377*** 0.115 0.863*** 0.142 0.507***       0.128      - - 
Vehicle damage             
    Moderate  0.723*** 0.138 0.512*** 0.130 0.616*** 0.133 1.466*** 0.154 0.829*** 0.150 2.967***       0.292 
    Extensive 1.232*** 0.147 0.924*** 0.166 1.375*** 0.139 0.984*** 0.137 1.785*** 0.162     1.380***       0.255 
Speed limit (km/h)             
    60-79 0.307** 0.155 0.212* 0.117 0.121 0.143 1.378*** 0.105 0.319** 0.156      1.534*** 0.184 
    80 and 99 0.681*** 0.167 0.481*** 0.147 0.778*** 0.151 - - 0.913*** 0.171      0.465** 0.230 
    > 100 1.059*** 0.171 0.768*** 0.176 1.208*** 0.157 0.310*** 0.119 1.481***       0.177      0.420* 0.231 
Road classification             
   Freeway or highway -1.048*** 0.314 -0.786*** 0.271 -1.235*** 0.280 - - -1.657***       0.303     2.090***       0.194 
   Main road -0.837*** 0.312 -0.634** 0.264 -0.998*** 0.278 0.154** 0.077 -1.510*** 0.301     3.008*** 0.188 
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Time of day             
    Morning peak -0.250** 0.112 -0.176** 0.084 -0.483*** 0.112 1.334*** 0.140 -0.712*** 0.130     3.296*** 0.295     
    Night 0.312** 0.123 0.219** 0.103 0.297** 0.117 - - 0.401*** 0.130      - - 
Police attendance             
    Yes 1.714*** 0.282 1.159*** 0.292 1.950*** 0.242 0.296*** 0.059 2.267***       0.260      1.199*** 0.122 
Vehicle manoeuvre             
    Turning left -0.627** 0.283 -0.442** 0.205 -1.183*** 0.321 2.082*** 0.454 -1.178*** 0.321 2.686*** 0.766      
Type of intersection             
    4-legged 0.152* 0.090 0.110 0.069 0.190** 0.084 0.296*** 0.060 0.271*** 0.094 0.417*** 0.158      
Number of lanes             
    5-6 0.529* 0.320 0.402 0.240 0.107 0.391 2.598*** 0.593  0.416 0.384 4.023*** 0.949 
Road division marking             
    Not divided -0.164* 0.092 -0.115 0.070 -0.261*** 0.088 0.951*** 0.095 -0.257*** 0.097 1.494***       0.179      
Constant -3.302*** 0.433 -1.409 1.034 -3.322*** 0.387 0.366*** 0.059 -3.917*** 0.418 0.752*** 0.115 
Alpha  - - 2.128** 1.023         
Note: ***, **, * denote statistically significant at α = 1%, 5%, 10% level                
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5.3.1 Human Factors 
 
As shown in Table 5.2, being female is positively correlated with severe injury. Specifically, 
female occupants are more likely to experience severe injury compared to male occupants. 
This finding is similar to previous findings that male occupants are less likely to suffer severe 
injury than  female occupants (Duncan et al., 1998; Chen & Chen, 2011; Islam & Hernandez, 
2013; Sivak et al., 2010). With respect to age groups, young and older age groups are more 
likely to experience severe injury. This result was expected, because of the greater difficulties 
in driving and the fragility of older people (Srinivasan, 2002; Scialfa et al., 2010). On the 
other hand, younger drivers are more likely to be involved in severe injury collisions due to 
their inexperience and higher risk-taking propensity (Pahukula, 2015; Tay, 2005; Tay & 
Rifaat, 2007).  
  
Regarding safety restraint use, occupants who do not use their safety restraints are more 
likely to experience severe injury in angle collisions involving at least one heavy vehicle. 
This result is consistent with findings from previous studies (Chang & Chien, 2013; Islam, 
2015; Pahukula et al., 2015). In addition, occupants who are partly or fully ejected from the 
vehicle have significantly increased risk of suffering severe injury than occupants who are 
not ejected. Hence, the trucking industry, government and road safety professionals should 
consider education and incentive programs to encourage all truck occupants to buckle up and 
not to rely on the perceived size of the truck for protection. 
  
Being the only occupant in the vehicle or a sole driver is more associated with severe injury. 
Although the presence of passengers might distract the driver, it may also alert the driver to 
potential dangers on the road. In addition, the presence of passengers, especially in heavy 
vehicles, might reduce driving monotony and alert the driver when he or she is fatigued.   
 
5.3.2 Vehicle characteristics 
 
Vehicle occupants are less likely to experience severe injury if their vehicles were 
manufactured in 1980 or later. Compared to vehicles manufactured before 1980, newer 
vehicles have better safety features and maintenance than older vehicles. This finding is 
consistent with previous studies that found that older vehicles have significantly increased 
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crashes and injury severity (Cerwick et al., 2014; Khorashadi et al., 2005; Ouyang et al., 
2002). Therefore, the trucking industry and government should consider developing policies 
and providing incentives for owners to replace the fleet more regularly.   
  
As expected, occupants in vehicles that caught fire are more likely to suffer severe injury than 
occupants in vehicles that do not catch fire. Fire incidents might arise due to fuel leaks, which 
might be more likely with older vehicles with poor maintenance (Burn et al., 2012). The 
trucking industry should consider fire training and installing fire-extinguishing equipment in 
all vehicles to reduce injury severity related   fires. 
  
With regard to the impact point on the vehicle, the right front door impact point is  
significantly associated with severe injury outcome. This result was expected, because drivers 
in Australia are  seated in the right front seat. Furthermore, as expected, vehicle occupants are 
more likely to experience severe injury in vehicles that suffer major damage (vehicle towed) 
and extensive damage (unrepairable) compared to vehicles that suffer only minor damage. 
Likewise, relative to going straight prior to crashes, left-turning vehicle movement is 
associated with less severe injury. This result was expected, as vehicles are driven on the left 
side of the road in Australia and left-turn movement usually results in less severe angle 
crashes compared to right-turn movement. 
 
As expected, motorcycle riders and their pillion passengers are more likely to experience 
severe injury due to minimal protection against injury in the event of a collision (Rifaat et al., 
2012; Rahman et al., 2011). This outcome may also be due to their smaller size and the 
difficulty heavy vehicle drivers may have in noticing this type of vehicle in traffic compared 
to a passenger car. On the other hand, heavy vehicle occupants are more likely to suffer only 
minor injury due to the bigger size and mass and better protection of their vehicles (Lemp et 
al., 2011). 
  
78 
 
5.3.3 Roadway Characteristics 
 
Compared to roads with speed limits <50km/h, occupants in two-vehicle angle crashes 
involving heavy vehicles on roads with higher speed limits are more likely to experience 
severe injury. This result was expected and is consistent with the findings of previous studies 
(Chang & Mannering, 1999; Cerwick et al., 2014). Highways, freeways and main roads are 
associated with less severe injury in two-vehicle angle crashes involving heavy vehicles. 
These results were not surprising, because the reference case (Others) included tourist roads, 
forest roads, and interchange ramps, which are more hazardous locations.  
 
5.3.4 Temporal  
 
Occupants are more likely to suffer severe injury if they are involved in crashes that occur at 
night, but suffer less severe injury if the crashes occur during the morning peak hours. The 
former result may be due to drivers’ fatigue and drowsiness, as well as higher vehicle speed, 
which might contribute to severe injury at night, while less severe injury during the morning 
peak may  be due to the high traffic volume on the roads and vehicles being driven at lower 
speed (Pahukula et al., 2015).  
 
5.3.5 Other Collision Characteristics 
 
In relation to police not attending crash sites, police presence at crash sites is more likely to 
be associated with severe injury. Although police attendance at crash scenes would reduce 
the likelihood of secondary collisions and provide basic emergency medical services, which 
should reduce injury severity, police are also more likely to attend a crash scene if they 
suspect that the crash may be severe. 
 
5.4  Conclusions 
 
The safety of occupants in crashes involving heavy vehicles has drawn considerable attention 
from government agencies and the general public. Heavy vehicles have many unique 
operating characteristics, such as poor deceleration and stopping capabilities, high rigidity, 
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greater mass and longer length compared to passenger cars. These characteristics partly 
contribute to their over-representation in traffic fatalities and serious injuries.  
  
This study examined the factors contributing to occupant injury severity experienced in this 
crash type. We found that severe injury in occupants is more likely to be associated with 
females, younger (16-24) and older (65+) adults, occupants not wearing safety restraints and 
being ejected from the vehicle, lone drivers, occupants in vehicles with major and extensive 
damage, vehicles that catch fire, motorcycles and vehicles impacted on the right front door 
area, and occupants in crashes at night, crashes on higher speed roads and crashes attended by 
police.  
  
To improve heavy vehicle safety, transport authorities, road safety professionals, fleet 
managers and occupational safety officers in the trucking industry should consider upgrading 
the fleet to newer heavy vehicles, and encouraging driving or travelling partners for drivers. 
Education and training campaigns targeted at heavy vehicle drivers, and highlighting the 
safety of other road users, especially motorcyclists, should also be considered, together with 
training on fire prevention and fire emergency procedures. Education and training campaigns 
to increase restraint use and highlight the dangers of driving at night should also be 
considered. In addition, education and training programs should also be targeted at younger 
and older drivers. 
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Chapter 6 Conclusions and Future Research 
 
6.1  Conclusions 
This research investigated heavy vehicle crashes and injury severity. The safety of heavy 
vehicles has drawn considerable attention from government agencies and the general public. 
In general, heavy vehicles have many unique operating characteristics, such as poor 
acceleration and stopping capabilities, high rigidity, great mass and length, and these factors 
may contribute in part to their over-representation in traffic fatalities and serious injuries. 
Based on the existing literature, several limitations in existing heavy vehicle crash studies 
were identified. First, no research has been done on factors contributing to single heavy-
vehicle collisions at crash locations. Second, no study has investigated the effects of 
neighbourhood socioeconomic characteristics on traffic crashes involving heavy vehicles. 
Finally, no research has been done on factors contributing to heavy-vehicle angle crashes. To 
address the identified limitations in the literature on heavy-vehicle collisions, this study used 
statistical models to develop binary logit, scobit, multinomial logit and random parameter 
(mixed logit) models. The key findings of each study are summarized in the following sub-
sections. 
 
6.1.1 Single heavy-vehicle collisions at crash locations 
 
In the first study (Chapter 3), a binary logit model was developed to examine factors 
contributing to single-vehicle crashes involving heavy vehicles at intersections and mid-block 
in the Melbourne metropolitan area. This research has provided an understanding of 
characteristics influencing single heavy-vehicle crashes at intersections and mid-block. Based 
on the binary model estimation, differences were identified in single heavy-vehicle crashes at 
intersections and midblocks. These differences in the factors contributing to single heavy-
vehicle crashes at intersections and mid-block are summarised below:  
 
 Crashes at intersections are more likely to be associated with turning vehicle 
movements prior to the crash (turning right and turning left), crashes on 
freeways or highways and main roads, and involving angle and overturn crashes. 
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 On the other hand, crashes in mid-block are more likely to be related to higher 
posted speed limits (60km/h and higher), a higher percentage of heavy vehicles 
in traffic, special road facilities, and roads with divided double lines. 
 
The study has clearly identified factors contributing to single heavy-vehicle collisions at 
intersection and mid-blocks. To improve heavy-vehicle safety, preventive measures should 
be carried out, based on the identified factors contributing to single-vehicle crashes involving 
heavy vehicles at crash locations. 
 
6.1.2 Influence of neighbourhood socioeconomic characteristics on heavy-vehicle 
crashes 
 
The safety of road users in crashes involving heavy vehicles has drawn considerable 
attention, not only from transportation agencies but also the health sector due to their over-
representation in traffic fatalities and serious injuries. Therefore, the second study (Chapter 4) 
examined the socio-demographic characteristics of neighbourhoods where road users reside 
and where crashes occur on road-user injury severity in collisions involving heavy vehicles in 
Victoria, Australia using the multinomial logit model. The key conclusions on the socio-
demographic characteristics of neighbourhoods where road users reside and where crashes 
occur on road-user injury severity are summarised below: 
 
 With respect to the neighbourhood characteristics of the location of the collision, 
the findings show that crashes occurring in neighbourhoods with a higher 
proportion of professionals are related to a higher likelihood of severe injuries 
rather than less severe injuries, while the proportion of sales people and people 
born in Australia are found to have mixed effects. 
 
 In terms of road user residential neighbourhoods, road users residing in 
neighbourhoods with a higher proportion of people with university education or 
a higher proportion of people working in sales are less likely to be associated 
with injury outcomes compared to the non-injury outcome. On the other hand, 
road users residing in neighbourhoods with a higher percentage of people born in 
Australia are more likely to suffer injuries rather than not suffer any injury at all. 
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The study has identified the socioeconomic characteristics of  neighbourhoods where road 
users live and where  crashes occur on road-user injury severity involving heavy vehicle 
crashes. To enhance heavy-vehicle safety, it is important to emphasise that these 
neighbourhood socio-demographic characteristics should be used in addition to the 
information provided by the standard collision hotspot analysis. 
 
6.1.3 Heavy-vehicle angle collisions 
 
On the other hand, study three (Chapter 5) examined factors contributing to occupant injury 
severity experienced in angle collisions involving heavy vehicles using binary, scobit 
(skewed logistic) and random parameter logit models . This study provides an understanding 
of factors contributing to heavy-vehicle angle crashes. In addition, in this study, some 
advanced crash severity models such as binary logit, skewed logistic and random parameter 
logit models were compared to determine the advantages and weaknesses of these models. 
The key findings of factors contributing to heavy-vehicle angle crashes and the statistical 
model comparisons are summarised below: 
 
 Severe injury in occupants is more likely to relate to females, younger people 
and older adults, occupants not wearing safety restraints and being ejected from 
the vehicle, lone drivers, occupants in vehicles which experienced major and 
extensive damage, vehicles that catch fire, motorcycles and vehicles impacted on 
the right front door area, and occupants in crashes at night, crashes on high-
speed roads and crashes that attended by police. 
 
 In terms of the models' goodness-of-fit, the Scobit model fits the data better than 
the standard binary logit and random parameter logit models. This finding was 
partially to be expected, due to the possible violation of the symmetry 
assumption due to the imbalance in the dependent variable. In addition, uniform 
distribution was slightly better than a normal distribution in the random 
parameter logit model. 
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Notably, the study identifies factors contributing to occupant’s injury severity in heavy-
vehicle angle collisions. In addition, the study also provides road safety professionals with 
information on the advantages and disadvantages of using these statistical models. 
 
6.2  Contributions 
 
In previous chapters, three studies were presented, which extend the literature on heavy 
vehicle collisions. In Chapter 3, the first study examined the differences in factors 
contributing to crashes at intersections and mid-blocks. On the other hand, study two 
(Chapter 4) examined the influence of the socioeconomic characteristics of neighbourhoods 
on road-user injury severity in crashes involving heavy vehicles. Finally, the third study 
(Chapter 5) examined factors contributing to injury severity in heavy-vehicle angle crashes. 
Generally, there are limited studies on the reduction of heavy-vehicle crash injury severity. 
The contribution of each of the studies is highlighted as follows:  
 Although intersections can be considered as hazardous locations on the road, to 
date few studies have been conducted on factors contributing to crashes at 
intersections and mid-blocks. In addition, there have been limited studies on 
single-vehicle crashes compared to multi-vehicle crashes involving heavy 
vehicles and some important variables (e.g. road division marking) have been 
identified, which not yet been examined in the literature. Therefore, study 1 
(Chapter 3) highlights factors contributing to single-vehicle crashes involving 
heavy vehicles at intersections and mid-blocks. 
 
 Few previous studies have considered the influence of the socio-demographic 
characteristics of the neighbourhood where accident victims live and where 
crashes occur on road users’ injury severity. In addition, no previous study has 
specifically examined the socio-demographic characteristics of the 
neighbourhood where persons reside and where collisions occur on road-users’ 
injury severity in accidents involving heavy-vehicle collisions. 
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 Few studies has been done on angle crashes involving heavy vehicles. Therefore, 
this study will contribute to advancing knowledge in this field. In addition, this 
study provides road safety professionals with information on the relative 
strengths and weaknesses of the following statistical models: binary logit, 
skewed logistic (Scobit) and random parameter logit. 
 
Overall, this thesis has explored original research to extend the literature involving heavy-
vehicle crashes. The results are based on exploratory studies which highlight the importance 
of crash location, and type of collision (angle of crash) and the influence of socio-
demographic characteristics on road user injury severity in heavy-vehicle collisions.  
6.3 Future Research 
This thesis presents several avenues for future study. The following are recommended as 
potential subjects for future studies. 
 In the first study, only single-vehicle crashes involving heavy vehicles at 
intersections and mid-blocks of urban areas are considered. To extend this 
research, heavy-vehicle crashes involving single, double and multiple vehicles 
could be investigated. Furthermore, a comparison of crashes involving heavy 
vehicles in rural and urban areas could be considered.  
 
 In the second study, road-user injury severity levels in vehicle collisions 
involving at least one heavy vehicle in Victoria were considered and analysed. 
To extend this research, heavy-vehicle crashes involving single and two vehicles 
could be separately investigated. In addition, more research should be conducted 
to examine the influence of neighbourhood socio-demographic characteristics on 
heavy-vehicle crash frequency. Studies of crashes involving other road users or 
other vehicle types could also be considered.  
 
 In the third study, occupant injury severity levels in two-vehicle angle collisions 
involving at least one heavy vehicle in Victoria were considered and analysed. 
Heavy-vehicle crashes involving single and multiple vehicles could be 
investigated as an extension of this research. In addition, a comparison of 
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different types of crashes involving heavy vehicles, such as rear-end and angle 
crashes, could be considered.  
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